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Abstract
The genetic code has evolved with considerable elasticity, enabling most amino
acids to be encoded by multiple synonymous codons.  Genes can vary in their utilization
of synonymous codons, and this provides a basis of comparison for studying the
compositional histories and evolution of genomes.  The original goal of this dissertation
work was to study the effects of horizontal gene transfer in diverse genomes; however,
these efforts were quickly encumbered by limitations in the current methods of codon
usage analysis.  In this dissertation, we describe the limitations of these methods, and
challenge the fundamental assumptions that they are based upon.  In order to evaluate
horizontal gene transfer (or any other source of variation within a genome) it is first
necessary to define what is “typical”.  Many previous studies have considered the typical
codon usage of a genome to be the genome-wide average.  In Chapter 2, we establish a
method for calculating the modal codon usage of a genome and demonstrate that it is
more resistant to the effects of aberrant genes than the average.  In Chapter 3, we use the
mode algorithm to study the evolution of Agrobacterium tumefaciens and Borrelia
burgdorferi—two bacterial genomes that contain multiple replicons.  In A. tumefaciens
we discover that the two plasmids are closely related, despite being independently
conjugative.  By using the mode algorithm on the B. burgdorferi genome, we are able to
demonstrate a higher resolution of codon usage relationships than had been previously
shown—we observe a close similarity between the linear plasmid lp38 and the
chromosome, and a close similarity between the members of the cp32 family of plasmids.
We observe that these codon usage similarities also appear to be independent of replicon
topology.  In Chapter 3, we also identify the bacterial and archaeal genomes that are the
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most heterogeneous and homogeneous in codon usage—a characteristic that can be
assessed by determining the number of genes that are significantly different from the
modal codon usage of the genome.  We find that the genomes with the most
homogeneous codon usage are predominantly from organisms with reduced genomes
including endosymbionts, parasites, and free-living marine bacteria.  The most
heterogeneous genomes include members of the genera Bacteroides, Corynebacterium,
Xylella, Neisseria, Bifidobacterium, and Desulfotaela.  In these latter organisms, greater
than 2/3 of the genes in the genome differ significantly from the mode.  In Chapter 4, we
provide a method for evaluating expression-related codon usage bias (a major source of
heterogeneity within genomes).  This method is based upon the calculation of an axis that
intersects the modal codon usage of a genome and the mode of a set of highly expressed
genes.  We show that this method is well suited for evaluating expression-related codon
usage bias in genomes with extreme base compositions, such as Pseudomonas
aeruginosa (66% G+C for the genome), a problem that has plagued previous methods.
This method also provides a criterion for identifying foreign genes that have been
recently acquired by the genome via horizontal gene transfer.  In Chapter 5, we use the
mode to characterize the major codon usage groups within the genomes of Escherichia
coli K-12 and Salmonella enterica subsp. enterica serovar Typhimurium LT2.  When we
compare the codon usages in these genomes, we find that the genes that have been
recently acquired via horizontal gene transfer are more similar in codon usage than are
the genes that have been vertically inherited.  To explore the generality of this
observation, we compare genomes of three Agrobacterium species and find that the
modal codon usages of the plasmids from different species are more similar than the
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modal codon usages of the corresponding chromosomes.  Implications of the methods
and data presented in this dissertation, particularly their implications for the study of
horizontal gene transfer, are discussed.
vThis dissertation is dedicated to the inhabitants and creatures of St. Augustine,
Pennsylvania
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1Chapter 1: Introduction
Background
In the conventional genetic code, all amino acids excluding methionine and
tryptophan are encoded by multiple codons.  The occurrence of these synonymous
codons can vary, resulting in distinct codon usage patterns that can be organism and gene
specific.  These codon usage patterns provide a means of comparison and are useful for
studying gene relationships in the absence of direct sequence similarity, and for studying
the evolution of genomes.
From the outset, the goal of this thesis project was to accurately locate and
characterize horizontally transferred genes in diverse genomes, in order to study the
evolution of genomes as a result of gene flow.  However, the project quickly stalled due
to problems in the current methodologies—namely those for codon usage analysis.  Over
the years, many methods of codon usage analysis have been proposed, and some are quite
useful.  However, the most popular methods that are currently employed (e.g., Sharp and
Li 1987; Karlin and Mrázek 2000) require hand-selecting the genes for comparison on a
genome-by-genome basis, making automation difficult (e.g., Peden 1999).  Other newer
methods of codon usage analysis (e.g., Wang et al. 2001; Kloster and Tang 2008) are
excellent for separating a genome into significant groups, but lack focus—the researcher
must sift through the output by hand in order to discern any meaning in the gene groups.
In this dissertation we propose methods that attempt a more succinct and
straightforward automation of codon usage analysis.  In particular, we focus on the
question of how to distinguish genes that appear native to the genome from genes that
2appear alien (potential horizontal acquisitions).  In most genomes, the native and alien
genes are heterogeneous mixtures, so the question is considerably complex.  The
implementation of our methods has provided insights into evolution of multireplicon
genomes, as well as the scope to which horizontal gene transfer has shaped the genomes
of many organisms.
Critical Discoveries Regarding Codon Usage
Codon usage is nonrandom
Codon usage analyses are an inherent component of sequencing projects, and the
earliest of these studies revealed that the frequency of the use of synonymous codons for
a given amino acid can be nonrandom (Min Jou et al. 1972).  For instance, Air and
colleagues found that in genes F and G of phage φX174, U-ending codons occur greater
than 50% of the time (Air et al. 1975, 1976).  They also found that the profile of
synonymous codon usage differed when they compared genes F and G to the sequences
of genes in phages MS2, R17, f2 and Qβ (Air et al. 1975, 1976).  When the whole
genomes of phages MS2, φX174, G4 and the eukaryotic virus SV40 were completed, it
became clear that the previously observed codon preference within genes was statistically
significant (Fiers et al. 1976), and that the genes within a genome usually maintain a
similar codon usage profile (Fiers et al. 1976, 1978; Sanger et al. 1977; Godson et al.
1978).  It also became clear that the overall preference for synonymous codons could
differ drastically between genomes; this was especially evident when the phages MS2,
φX174 and G4 were compared to SV40 (Godson et al. 1978).
3Expression related codon bias
Due to the significant bias observed in the codon usage of the MS2 phage genome,
Fiers and colleagues (1976) suggested that codons could have a modulating effect on
translation.  They used the AUA (Ile) codon as example to support this idea.  AUA does
not occur in the gene encoding the viral coat protein, but it is used several times in the
gene encoding the replicase protein.  They suggested that the use of such a rare codon
would slow the ribosome since cellular concentrations of the cognate tRNAIle are low.
They postulated that such slowing of the ribosome is unacceptable for the gene encoding
the abundant coat protein, but that rare codons were tolerated in, or perhaps used to
control the rate of translation of, the replicase protein.
This idea of codon usage modulating translation was given credence when Post and
colleagues (1979, 1980) sequenced the E. coli gene regions rplK–rpoB and rpsL–tufA.
The genomic segment containing rplK–rpoB encodes the genes for 4 large subunit
ribosomal proteins and the beta subunit of RNA polymerase.  The genomic segment
containing rpsL–tufA encodes 2 small subunit ribosomal proteins, EF-G and EF-Tu.
They observed a considerable bias in the choice of synonymous codons within these
genes compared to other E. coli genes like lacZ.  In fact, for some amino acids, one
codon was used almost exclusively.  This bias was also drastically different than the
preferred codons in MS2 and φX174 (the bias occurred in more codons and was
magnified in comparison to the MS2 coat protein).  They noted that this biased codon
usage corresponded with the most abundant cellular charged tRNA species for a given
amino acid, and suggested that the bias exists as a way to increase efficiency or minimize
errors.  At the time, it was known that the rate of translation was dependent on adequate
4levels of charged tRNAs (e.g., Yanofsky and Soll 1977; Lee and Yanofsky 1977), and
when charged tRNAs become rate-limiting, translational errors increase (Edelmann and
Gallant 1977; O’Farrell 1978; Parker et al. 1978).
In 1981, Ikemura (1981a, b) determined the cellular concentrations of each of the
known tRNAs in E. coli and compared them to the codon usages of the E. coli genes that
had been sequenced at the time.  He found a strong positive correlation between the
preferred codons and the cellular concentrations of their cognate tRNAs.  He also found
that the correlation between codon usage and tRNA concentration differed between E.
coli genes:  it was stronger in the ribosomal proteins and recA, than it was in trpA, lacI,
or asnA.  These data further solidified the idea that the codon usage of a gene was related
to the efficiency of translation.  Ikemura suggested that this was the result of selection in
favor of efficiency for creating abundant proteins (as in the ribosomal proteins and
RecA), and selection against the inefficient use of the ribosome (as in the less abundant
lac repressor).
In addition to the codon preference related to the tRNA concentrations, Grosjean
and colleagues (Grosjean et al. 1978; Fiers and Grosjean 1979; Grosjean and Fiers 1982)
found that the codon choice within a gene was also related to the strength of the
codon/anticodon pairing.  They suggested that in order for an mRNA to be efficiently
translated, the codon/anticodon interaction must be of intermediate strength.  For
instance, in the codons for glycine, the more weakly pairing GGU is preferred over the
more strongly pairing GGC; and conversely, in the codons for phenylalanine, the more
strongly pairing UUC is preferred over the more the more weakly paring UUU.
5The first large-scale analyses of codon usage were performed by Grantham and
colleagues (1980a,b; 1981).  By compiling all of the sequenced genes at the time, they
found that genes grouped according to genome type, and that different organisms could
be distinguished on the basis of their genomic codon usage patterns (Grantham et al.
1980a,b).  They also found that the codon bias of each gene was related to the amount of
protein made from the mRNA (Grantham et al. 1981).
The idea that the main source of codon bias within a genome was related to the
“expressivity” of a gene—its use of preferred codons to efficiently translate abundant
proteins—remained the status quo throughout the 1980s, and many methods were devised
to evaluate entire genomes based on the expression-related codon bias (the use of
“optimal” codons within each gene) (e.g., Bennetzen and Hall 1982; Gribskov et al.
1984; McLachlan et al. 1984; Sharp and Li 1987).
Amino acid starvation and codon usage
The accretion of sequence data in the late 1970s and early 1980s suggested that the
main source of codon usage variation within a genome was due to the preferential
(biased) use of particular synonymous codons in genes encoding abundant proteins.
These codons corresponded with the most abundant charged tRNAs in the cell, so it was
thought that that this was a mechanism that had evolved for speed and efficiency of
translation.  However, along with these strong preferences also comes avoidance of
particular synonymous codons.  As Fiers and colleagues (1976) noted, rare codons may
modulate the translation of mRNAs that do not code for abundant proteins.
The most salient example of codon usage affecting translation came from studies
involving attenuators.  Most of the attenuators regulate genes involved in the biosynthesis
6of an amino acid, and the efficiency of translation of the leader peptide (attenuator
sequence) preceding the operon determines whether transcription of the subsequent
amino acid biosynthesis genes will proceed (reviewed in Landick et al. 1996).  A central
component of the leader sequence is a tandem sequence of codons that encode the amino
acid to be synthesized (Lee and Yanofsky 1977).  If charged tRNAs (for the tandem
codons) are abundant, transcription will terminate; if the charged tRNAs are scarce,
transcription will proceed.  This occurs because the location of the ribosome along the
mRNA of the leader peptide, relative to transcription of the mRNA, determines the
secondary structure of the mRNA of the leader sequence, and whether a terminator stem-
loop is able to form.
In the classic example of the trp attenuator, there is no choice in codons (tryptophan
is encoded by one codon), so the efficiency of the ribosome translating the leader
sequence is directly linked to the availability of tryptophan.  In the case of the leu
attenuator, there is a choice of 6 potential leucine codons.  In E. coli the leader sequence
for the leu operon uses 4 consecutive leucine codons, all of which are CUA.  In
Salmonella, 3 of the 4 consecutive leucine codons are CUA.  In these organisms, CUA is
a rare codon, so having 3 or 4 adjacent CUA codons is unlikely to be coincidental.  Carter
et al. (1986) used oligonucleotide-directed mutagenesis to change the CUA codons to
CUG (the most common leucine codon) and observed a dramatic change in the behavior
of the leu operon.  When CUA was replaced by CUG, and cells were starved for leucine,
the cell required a more acute level of leucine starvation for the expression the leu operon
in comparison to wild type.  This led them to suggest that the ribosome translates the
CUG codon faster because there is a greater concentration of charged tRNAs that can
7recognize CUG (as compared to the concentration tRNAs that can recognize CUA)
within the cell.  Thus, in this case, the rare codon (CUA) is directly controlling
transcription and translation.
Carter and colleagues (1986) noted a major caveat with their findings: even though
the leader sequences in other operons have tandem codons like that found in leu, they do
not use rare codons to modulate translation. They cited phe, thr and ilvB as examples of
this.  They suggested that the amino acid supply (as is the case with the trp operon),
rather than charged tRNA availability, was the controlling factor for these attenuators.
At the time of the Carter et al. (1986) study, it was thought that the tandem
sequence of codons was simply used to slow the rate of translation for the leader
sequence.  This made sense in light of the observation that some leader sequences did not
use rare codons.  However, the concentrations of charged tRNAs can change dramatically
during amino acid starvation.  In 1969, Yegian and Stent published the observation that
the pools of charged tRNAs for a given amino acid within a cell do not go to zero during
amino acid starvation—some residual charged tRNAs encoding the necessary amino acid
remain unused.  They also discovered that the consumption of charged tRNAs during
amino acid starvation is not uniform.  When they starved E. coli cells for leucine, they
found that one particular charged tRNALeu species was quickly consumed, while other
tRNALeu species remained charged.
Elf and colleagues (2003) offered a theory that unified the results of Carter et al.
(1986) and Yegian and Stent (1969).  They suggested that upon amino acid starvation,
abundant charged tRNAs decoding commonly occurring codons will be depleted rapidly;
but charged tRNAs decoding less common codons will remain at a relatively high
8concentration.  They modeled this as a supply (charged tRNA concentration) versus
demand (occurrence of the codon for the affined charged tRNA) scenario.  Their results
suggested that attenuator sequences evolved to have codons with cognate charged tRNAs
that are depleted most rapidly during starvation.  This explained the contradictory
observation that the leader sequence of the thr operon uses the commonly occurring ACC
codon, but the leader sequence of the leu operon uses the rare CUA codon—in both cases
their cognate charged tRNA pools are depleted quickly during starvation.  This theory
also explained why the genes for amino acid biosynthesis were rich in non-preferred
codons—during amino acid starvation the charged cognate tRNA concentrations remain
high, resulting in more efficient translation of the needed biosynthetic enzymes.  Later,
the same group (Dittmar et al. 2005) validated this theory by measuring the amount of
charged tRNAs for various amino acids before and after amino acid starvation.
Elf and colleagues (2003) suggested that it might be possible to search genomes for
genes that are actively transcribed during starvation conditions by searching for those
genes that are enriched in the codons that are least sensitive to starvation.  To date, no
study has used these codon usage profiles to mine genomes for starvation-related genes.
Although it may work, the idea is problematic because many genes, such as amino acid
biosynthesis genes that have evolved to withstand amino acid starvation for their
particular amino acid, appear to have typical codon usage for other codons (Médigue et
al. 1991).
Codon usage of alien genes
In most genomes, a major source of genomic heterogeneity results from horizontal
gene transfer.  The codon usage of these acquired alien genes often differs drastically
9from the host genome.  This was originally observed in the context of comparing phage
genes to E. coli genes (e.g., Post et al. 1979).  In 1991, Médigue and colleagues compiled
all of the sequenced E. coli genes (781 at the time), and made a large comparative
analysis of their codon usages.  By incorporating the genes from phage lambda into the
analysis, they were able to elaborate on earlier studies demonstrating that the E. coli
genes differed from phage genes.  They discovered that the overall codon usage profile of
the genome was in fact tripartite: codon usage groups that were found represented the
genes that were typical to the genome (native genes with relatively little codon usage
bias), high expression genes (native genes with biased codon usage, encoding abundant
proteins) and alien genes (horizontally acquired genes that differed considerably from the
previous two native gene groups).  The major surprise of this analysis was the volume of
the E. coli genome that appeared alien—the number of alien genes was comparable to the
number of high expression genes.  Also, many of the genes with alien codon usage
appeared to be stable residents of the genome (unlike the genes of λ, insertion sequences,
and plasmid genes).  Some examples of this included fimbriae and pilin genes, restriction
endonucleases, and some transporter genes.
Subsequent studies that were similar to that of Médigue et al. have shown that alien
genes are a major component of other genomes as well.  Examples of this include
Bacillus subtilis (Kunst et al. 1997; Moszer et al. 1999), Methanothermobacter
thermautotrophicus and Aquifex aeolicus (Badger 1999), Pseudomonas aeruginosa
(Gupta and Ghosh 2001; Grocock and Sharp 2002) and Salmonella species (Mondal et al.
2008).
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Amelioration of codon usage
The data of Médigue et al. (1991) suggested that, like the high expression genes, the
set of genes with alien codon usage appeared to be a continuum—some genes differed
only slightly from the E. coli typical codon usage, while others differed dramatically.
These data, coupled with the idea that differences in mutation and repair rates at each of
the four nucleotides results in the wide variation in genomic G+C content between
species (Seoka 1962; Seoka 1993 and references therein), led Lawrence and Ochman
(1997) to propose the idea of amelioration of codon usage.  This idea states that when a
genome acquires a gene via horizontal gene transfer, the new gene will be subjected to
the mutational pressures of the recipient genome.  If the codon usage of the acquired gene
differs from that of the recipient genome, over time, the new gene will acquire mutations
at the rate of the host genome until its G+C content and codon usage match those of the
genome of residence.  Because the E. coli genome has acquired genes (as a result of
horizontal gene transfer) at various times during its history, amelioration explains why
Médigue and colleagues observed alien genes with a continuum of similarity to the E.
coli genome.
The amelioration concept—which is often accepted as dogma—eclipses critical
problems associated with studying horizontal gene transfer.  It gives rise to the idea that
genes are acquired from the environment at different times, and acquire mutations at the
same rate, thus adapting in lockstep toward the codon usage of the genome.  The concept
does not provide for different rates of change between genes of the same genome (Sharp
et al. 1989), or the fact that many native genes do not match and are not adapting toward
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the overall codon usage profile of the genome.  This is especially the case in the codon
usages of the genes that are adapted for starvation conditions (Elf et al. 2003).
Genomes that lack codon usage bias
The previously mentioned studies, which focused on genes encoding abundant
proteins and starvation-induced proteins, suggested that the codon usage of a (native)
gene has evolved to optimize the efficiency of translation during the conditions in which
the gene is expressed.  However, there are some organisms that have nearly uniform
codon usage throughout their entire genome.  This uniformity of codon usage most often
occurs in the genomes of endosymbionts and parasites that have undergone extensive
genome reduction, and are constrained in their ability to acquire new genes from the
environment via horizontal gene transfer (reviewed in Andersson and Kurland 1998).
In many cases, the G+C content of endosymbionts and parasites is very low.  Thus,
limited codon usage variation was somewhat predictable in these organisms.  Andersson
and Sharp (1996) were the first to characterize this phenomenon in the genome of
Rickettsia prowazekii.  Subsequent studies have documented extremely homogeneous
codon usage in the genomes of many other organisms as well.  Some examples of this
include Borrelia burgdorferi and Treponema pallidum (McInerney 1998; Lafay et al.
1999), Buchnera aphidicola (Wernegreen and Moran 1999), Helicobacter pylori (Lafay
et al. 2000), Wigglesworthia glossinidia (Herbeck et al. 2003), Chlamydia trachomatis
(Lü et al.2005), and Prochlorococcus marinus MED4 (Banerjee and Ghosh 2006).
In some of these studies, such as that of the Helicobacter pylori genome (Lafay et
al. 2000), it has been asserted that the translational process plays no role in determining
codon bias in these nearly uniform genomes.  Recently, using more advanced methods,
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Kloster and Tang (2008) were able to demonstrate a weak, but significant, expression-
related codon bias in Helicobacter pylori.  It is likely that expression-related (and thus
translation-related) codon bias will be found in other relatively homogeneous genomes as
well.
Despite the considerable literature on the most homogeneous genomes, there is a
notable paucity of literature regarding the most heterogeneous genomes.  A possible
explanation for this is that the most homogeneous genomes are easy to pinpoint because
they usually have extreme base compositions.  Genomes that are heterogeneous would
not exhibit such an effect.  Another reason why the homogeneous genomes have been
well studied is that they offer clues into the evolution of genome reduction and the
processes that gave rise to the mitochondria and chloroplast.  However, despite the
apparent difficulty, studying the heterogeneous genomes is also important because it may
yield information about species divergence, and the scope of horizontal gene transfer.
Strand bias
In many organisms the occurrence of the four nucleotides is not balanced between
the two DNA strands.  This inconsistency was first observed by Wu and Maeda (1987),
in the context of comparing β-globin genes from different primates.  They suggested that
this asymmetry had to do with the position of the genes relative to the origin of
replication—that the uneven distribution of nucleotides was determined by whether a
gene is found on the leading versus lagging strand of DNA replication.  However, at that
time, the exact location of each origin (in relation to the genes they were studying) was
not known.  In 1996, Lobry demonstrated strand asymmetries in the genomes of E. coli,
H. influenzae, and B. subtilis.  He showed that the transition points of the asymmetry in
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base composition corresponded with the replication origin and terminus in these species.
He also noted that this asymmetry affects the codon usage of the genes based upon their
location (leading vs. lagging strand).  This study by Lobry initiated the use of G+C skew
analyses to detect the origin of replication in organisms where it has not been
experimentally determined (e.g., Fraser et al. 1997).
The compositional difference between the leading and lagging strands of DNA
replication has been shown to affect the codon usage in many organisms. In organisms
with less pronounced expression-related codon bias, strand bias is sometimes the greatest
source of codon usage variation between genes.  For instance, McInerney (1998)
demonstrated that the genes of the B. burgdorferi chromosome form two statistically
different groups based on whether they are found on the leading or lagging strands.
Some other genomes in which this effect has been documented are those of Treponema
pallidum (Lafay et al. 1999) and Chlamydia trachomatis (Romero et al. 2000).
The factors causing G+C skew are poorly understood.  The most common
explanation for the cause of G+C skew is that single stranded DNA (ssDNA) is subject to
increased mutations during either DNA replication or transcription (or both) (Lobry
1996; Francino and Ochman 1997).  However, clearly demonstrating a cause for this
phenomenon has thus far proven to be difficult.  Furthermore, the hypothesis that G+C
skew is caused by ssDNA accumulating mutations during replication or transcription fails
to explain why some organisms have a pronounced skew and others do not.  For instance,
E. coli (genomic G+C content 50%) has a pronounced G+C skew between the leading
and lagging strands (Lobry 1996), but Synechococcus elongatus (genomic G+C content
55%) does not (Sugita et al. 2007).
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Popular Methods of Codon Usage Analysis and Their Limitations
The Codon Adaptation Index
As mentioned earlier, genes encoding abundant proteins are commonly biased in
their use of synonymous codons (e.g., Post et al. 1979, 1980).  In many genomes, the
genes that exhibit the most codon usage bias correlate with the most highly expressed
(most abundant protein products) genes (e.g., Grantham et al 1981; Karlin and Mrázek
2000).  Therefore, codon usage can be predictive of protein expression.  The high
expression genes in most genomes represent a continuum with codon usages ranging
from extremely biased to virtually no bias (Médigue et al. 1991).  In some instances, the
codon usage in high-expression genes approaches the minimum number of codons
needed to decode each amino acid.  For example, Bennetzen and Hall (1982) identified
25 (out of 61) preferred codons in S. cerevisiae, and 22 preferred codons in E. coli.  The
nearly exclusive use of these codons has been used as a baseline for characterizing
genomes.
In the early 1980s many methods of analysis were proposed that measure the codon
usage of a gene in relation to the “preferred” (high expression) set of codons (e.g.,
Bennetzen and Hall 1982; Gribskov et al. 1984; McLachlan et al. 1984).  Building off of
these early studies, Sharp and Li (1987) suggested the use of the Codon Adaptation Index
(CAI).  To date, the CAI has proven to be the most successful of these measures, and is
currently used in many studies.
In order to calculate the CAI of a gene, the researcher compares the codon usage of
a given gene to the codon usage of a set of known highly expressed genes, which have
been selected by hand.  To make this comparison, the high expression gene set is
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converted into a set of relative synonymous codon usages (RSCU).  Sharp and Li (1987)
define RSCU as the actual codon occurrence per amino acid, divided by equal codon
occurrence per amino acid.  The RSCU values from the high expression gene set are then
used to calculate the CAI of a gene.  First, the Codon Adaptation Index for a codon in any
gene is the RSCU value of the codon (drawn from the high expression set), divided by
the maximum possible RSCU value (that of the preferred codon in the high expression
set).  Then the CAI of the gene is the geometric average of these values for each codon in
the gene.  CAI values range from 0 (does not match high expression) to 1 (matches high
expression).  High CAI values usually correspond to the genes with the strongest high
expression bias (ribosomal proteins, transcription proteins, chaperones, etc.).
Despite the popularity of the CAI, the method has many drawbacks.  The primary
drawback with the method is that it becomes less reliable when genomic base
composition is biased.  For example, in P. aeruginosa (genomic G+C 66%), the
preference for G and C ending codons has a confounding influence on the CAI (Grocock
and Sharp 2002), because the signals from “optimal” codons verses high G+C codons are
confounded.  In this case, other methods had to be used to detect expression related
codon bias in this organism (Grocock and Sharp 2002).  The CAI also cannot be used in
organisms with homogeneous genomes.  In these cases, the codon usage bias in the
selected gene set is too weak for the measure to work properly.  For instance, the CAI
cannot be used to accurately characterize the B. burgdorferi genome (Lafay et al. 1999).
A second drawback is the hand-selection of the high expression gene set.  Gene
selection is easy and provides reliable results for well-studied organisms like E. coli and
S. cerevisiae.  However, for organisms that are poorly understood, choosing the
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appropriate gene set becomes more difficult, and the results can become less reliable.
This is also a major impediment for automation.  For instance, the software package
codonW (Peden 1999) uses codon bias calculated from correspondence analysis as a
means for selecting high expression genes in order to calculate the CAI.  In particular, it
assumes that the expression-related bias defines the first axis, and as noted by Peden
(1999), this explicitly assumes that the main cause of codon usage variation in the
genome is expression-related bias, and this is not always true.
The Karlin and Mrázek method
The Codon Adaptation Index is commonly the only method of codon usage analysis
used in sequencing projects; however, the CAI does not accurately discern the native
genes with low bias from alien genes, they both have low CAI values.  In 2000, Karlin
and Mrázek described a more holistic approach to characterizing the codon usage of a
gene relative to the entire genome.  They used the genome-wide average codon usage to
identify typical genes.  Genes coding for (i) ribosomal proteins, (ii) transcriptional and
translation processing proteins, and (iii) chaperone proteins are used to define three
categories of high expression genes.  If a gene is sufficiently similar to the average codon
usage of the genome, and sufficiently different from the codon usage of the high
expression genes, it is considered typical.  If a gene is sufficiently similar in codon usage
to two out of three of the high expression gene categories, and sufficiently different from
the average codon usage of the genome, it is considered high expression.  All other genes
are considered alien.
For whole-genome characterizations, Karlin and Mrázek’s use of the genome-wide
average codon usage represents an improvement over the CAI.  However, the use of an
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average comes with caveats: since all genes contribute to the average, a disproportionate
number of alien or high expression genes can skew the results.  The average is also a poor
measure for genomes that are bimodal or multimodal in codon usage, as seen in Borrelia
burgdorferi and Oryza sativa.  On the B. burgdorferi chromosome, genes found on the
leading versus lagging strands of DNA replication form two statistically different groups
(McInerney 1998; Lafay et al. 1999).  Similarly, in O. sativa, genes with high and low
G+C content form groups that are statistically different in codon usage (Wang and
Hickey 2007; Guo et al. 2007).  In such bimodal cases, the average is likely to fall in the
gap between the groups of genes, misrepresenting the whole.  Also, Karlin and Mrázek’s
method suffers from the same drawback as the CAI in that the high expression genes are
chosen a priori based upon interpretations of genome annotations.
Multivariate analyses
The frequency of the use of each codon per amino acid can be thought of as the
coordinates of a point in multidimensional space.  If the codon frequencies are
normalized on a per amino acid basis, then it is natural to use a 59-dimensional space (61
codons minus the two single codons for Trp and Met).  Multivariate statistical methods,
like Principal Components Analysis (PCA) and Factorial Correspondence Analysis
(FCA), are commonly used to convert these multidimensional data into a smaller number
of dimensions, while retaining the greatest variation in the data set.  This has proven to be
a valuable technique for visualizing codon usage variation in diverse genomes, including
E. coli (Grantham et al. 1980a; b; Médigue et al. 1991), Bacillus subtilis (Kunst et al.
1997; Moszer et al. 1999), Pseudomonas aeruginosa (Gupta and Ghosh 2001; Grocock
and Sharp 2002), and Borrelia burgdorferi (McInerney 1998; Lafay et al. 1999).  In the
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case of E. coli and B. subtilis, the results of a PCA or FCA scatter plot of codon usage
appear tripartite; the display has been described as a “rabbit’s head”, with the head
representing typical genes, one ear representing high expression genes, and the other ear
representing alien genes (Figure 1.1) (Médigue et al. 1991; Kunst et al. 1997).
FCA and PCA are chiefly used as display methods.  These transformations of the
data yield information on the major sources of variation in codon usage.  They also
provide a way to visualize the differences between individual genes.  However, FCA and
PCA are not clustering methods per se; therefore, further analysis is required to cluster
the genes into biologically relevant categories (e.g., Médigue et al. 1991; Badger 1999).
Another major caveat to using FCA and PCA to analyze codon usage data is that both
methods are somewhat ill-suited for the nature of codon usage data (Perrière and
Thioulouse 2002).  For instance, when raw codon usage frequencies (codon counts per
amino acid) are used in FCA or PCA, the data often splits into two groups: genes that are
rich in hydrophobic amino acids, and genes that are not.  When relative synonymous
codon usage is used (codon occurrence per amino acid/equal use of codons for that amino
acid), the data can split based on the existence of an amino acid.  For instance, in the
second and third axes of the FCA and PCA plots of B. subtilis, the genes separate into
three groups based on the usage of the uncommon (in B. subtilis) amino acid cysteine:
those that have no cysteine codons, those that use the UGU (Cys) codon, and those that
use the UGC (Cys) codon (Perrière and Thioulouse 2002).  Despite these limitations,
FCA plots are commonly used in the literature because they are convenient—they can be
generated quickly using the software package codonW (Peden 1999)—and are easy to
interpret.
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A more sophisticated alternative to FCA and PCA is SCUMBLE (synonymous
codon usage bias maximum likelihood estimation) (Kloster and Tang 2008).  Like FCA
and PCA, SCUMBLE splits the codon usage data into axes based upon codon usage
variation.  The SCUMBLE method represents an improvement over the above-mentioned
problems with PCA and FCA plots (Perrière and Thioulouse 2002).  However, like FCA
and PCA, SCUMBLE requires the user to search for biologically significant groups of
genes in the output.  In Chapter 4, we describe Kloster and Tang’s data transformation
and incorporate it into our analysis of high expression codon usage.
Self-organizing maps
Another potentially useful method of codon usage analysis is Self-Organizing Maps
(SOM) (Wang et al. 2001).  Self-organizing maps split codon usage data into significant
groups.  The method is also unsupervised, so the advantage is that there is no bias from
hand selecting genes prior to the analysis.  However, as with FCA, PCA, and
SCUMBLE, the relevant groups and their biological implications must be determined by
hand.  For instance, Wang and colleagues examined the distribution of 16 different
functional gene classes adapted from Riley (1993) on the self-organizing map in order to
distinguish relevant groups and determine how they relate to function.
Overview of Dissertation
We suggest that an assessment of genomic codon usage should start with the
characterization of the typical genes.  Other methods also assess the codon usage of a
genome this way.  For example, as mentioned earlier, Karlin and Mrázek (2000) consider
the typical codon usage to be the genomic average.  The average codon usage has been
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shown to work well in organisms like E. coli where there is a relative balance between
high expression and alien genes.  However, the average breaks down when a genome has
a disproportionately large number of alien or high expression genes, or when the genes
form a multimodal distribution (as in B. burgdorferi and O. Sativa).  We propose that the
mode—the codon usage matched by the most genes—is a better assessment of typical
codon usage.  In Chapter 2, we provide a method for deriving the mode.  We first
examine the behavior of this method in problem organisms such as B. burgdorferi and O.
sativa, and then more critically evaluate the method in the well-studied E. coli strains K-
12 and O157:H7 Sakai.
The modal codon usage provides a reference point for comparing genes, replicons,
and genomes.  In Chapter 3, we use the mode to assess the evolution of the multireplicon
genomes of Agrobacterium tumefaciens and Borrelia burgdorferi.  We address key
questions such as:  Are chromosomes generally different from plasmids?  When multiple
chromosomes are present, are they more similar to one another than they are to the
plasmid(s)?  When a bacterium has multiple plasmids, how similar or different are they?
Does replicon topology (circular vs. linear) manifest as differences at the codon usage
level?
There is an abundance of literature regarding the most homogeneous genomes;
however, there is a paucity of data regarding the most heterogeneous genomes.  In
Chapter 3 we also assess the genomic homogeneity/heterogeneity of sequenced bacterial
and archaeal genomes by determining the number of genes in each organism that differs
from the mode.
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Although codon usage can vary widely between genomes, with the exclusion of the
homogeneous genomes, most appear to retain high expression codon usage bias.  Current
methods for assessing the high expression bias (e.g., Sharp and Li 1987 and Karlin and
Mrázek 2000) require hand-selecting high expression genes prior to the analysis.  Other
methods are capable of distinguishing highly expressed genes (e.g., Wang et al. 2001;
Kloster and Tang 2008), but the group with high expression genes must be determined by
hand.  In Chapter 4, we propose a method for determining the “native” gene set—those
genes that match the typical and high expression codon usages—of a genome.  This
method is based upon an axis projection between the mode of the genome (typical codon
usage), and the mode of a high expression gene set.  Genes are evaluated based on
whether they match the axis (appear native), and also by their axis positions (expression
level).  Between genomes, we use orthology to predict highly expressed genes. This
allows the process to be automated and potentially reduces researcher bias by eliminating
the hand-selection of genes.  We make an assessment of the high expression codon usage
of E. coli and use this information to determine conserved relationships in the codon
usage of unrelated organisms.  Using Pseudomonas aeruginosa PAO1, and Bacillus
anthracis A0248 as examples, we demonstrate the advantage of this method for
characterizing genomes with extreme base composition—a common problem of existing
methodologies.
Studying horizontally transferred genes—the original goal of this dissertation—can
be difficult because in many cases these genes are novel in both sequence and function.
In Chapter 5, we apply our newly described methods of codon usage analysis to the study
of horizontal gene transfer.  We compare vertically inherited genes, and horizontally
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acquired genes between Escherichia coli and Salmonella enterica stains/serovars as well
as Agrobacterium and Methanosarcina biovars/species. This very basic analysis has
yielded insights into the nature genome evolution, and the implications of this analysis
are discussed.
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Figure
Figure 1.1.  Correspondence analysis plot of E. coli K-12 codon usage.  Each plot point
represents a gene.  This is a projection from the 59-dimensional space of codon usage to a
2-dimensional plot.  Genes shown as triangles encode ribosomal proteins and denote the
high expression “ear” of the plot.
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Chapter 2: Modal Codon Usage: Assessing the
typical codon usage of a genome*
Abstract
Most genomes are heterogeneous in codon usage, so a codon usage study should
start by defining the codon usage that is typical to the genome.  We propose that typical
codon usage should be the mode—the codon usage that matches the most genes—rather
than the average, which can be skewed by aberrant genes.  We provide a method for
estimating the modal codon usage, which utilizes a continuous approximation to the
number of matching genes and a simplex optimization.  Using Escherichia coli strains K-
12 and O157:H7 Sakai, we demonstrate that the mode matches more of the genes in the
genome than does the average.  In the most extreme genomes, the mode matches up to
20% more genes in the genome than the average.  By defining a measure of distance
between codon usages, we show that the mode is less influenced by atypical genes.  We
also show that the inclusion or exclusion of short genes (which create noise in the data
set) does not dramatically shift the mode.  Finally, we note that the fraction of genes not
matching the mode provides a measure of the codon usage heterogeneity in genomes.
                                                 
*Portions of this chapter have been published previously: Davis JJ, and Olsen GJ. 2009.
Modal Codon Usage: Assessing the typical codon usage of a genome Mol Biol Evol. doi:
10.1093/molbev/msp281
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Introduction
Codon usage analyses can provide insights into the functional categories and
histories of genes in a genome.  More information can be gained from a codon usage
analysis than a G+C analysis, and it does not require the identification of homologous
proteins from other genomes, as is the case for inferring molecular phylogenies.  This is
particularly useful for studying mobile elements, which may be a mosaic of genes from
different sources.  Despite this, codon usage analysis—as a means for assessing genome
content—is underutilized.
Early studies revealed that many genomes have a signature codon usage that is
representative of the typical genes of that genome (Grantham et al. 1980a,b).  Despite this
overall signature, the gene-by-gene codon usage of most genomes is heterogeneous.  In
many cases a major source of this heterogeneity is the subset of genes that exhibit high
expression codon usage.  This codon usage was termed “high expression” because it is
commonly exhibited by genes encoding high-abundance proteins, such as transcriptional
and translational proteins (Grantham et al. 1981; Ikemura 1981a,b; Gouy and Gautier
1982).  It is thought that this bias reflects the “optimal” codons that provide for more
efficient translation, and thus greater protein abundance (Grantham et al. 1981; Ikemura
1981a,b; Gouy and Gautier 1982; Grosjean and Fiers 1982).  Another common source of
genomic codon usage heterogeneity is genes that have been acquired horizontally
(Médigue et al. 1991).  These genes can differ drastically from the native genes of the
genome (both typical and high expression), potentially bearing the codon usage of their
original source.  Because of this, many studies consider a gene to be foreign by virtue of
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it not matching the high expression or typical codon usages of the genome (e.g.,
Lawrence and Ochman 1997; Karlin and Mrázek 2000).
In the most common genetic code, 18 of the 20 universal amino acids can be
encoded by two or more synonymous codons, resulting in a total of 59 synonymous sense
codons.  This high level of complexity in the data has resulted in different approaches for
codon usage analysis.  One approach employs multivariate analyses—Principal
Components Analysis (PCA) or Factorial Correspondence Analysis (FCA)—to convert
the 59-dimensional codon usage data into a smaller number of dimensions, while
retaining the greatest variation in the data set.  This has proven to be a valuable technique
for visualizing codon usage trends within a genome (e.g., Grantham et al. 1980a,b;
Médigue et al. 1991), and has been used to study many diverse genomes, including E.
coli (Grantham et al. 1980a,b; Médigue et al. 1991), Bacillus subtilis (Kunst et al. 1997;
Moszer et al. 1999), Pseudomonas aeruginosa (Gupta and Ghosh 2001; Grocock and
Sharp 2002), and Borrelia burgdorferi (McInerney 1998a; Lafay et al. 1999).  A major
drawback to these multivariate analyses is that they are not clustering methods per
se—further analysis is required to group the genes and associate them with biologically
relevant categories (e.g., Médigue et al. 1991; Badger 1999).
Perhaps the most popular method of summarizing codon usage is the Codon
Adaptation Index (CAI) (Sharp and Li 1987).  In the CAI, all of the genes in the genome
are compared to an "optimal" codon usage inferred from a set of presumed high
expression genes.  This results in a quantitative measurement of the high expression
codon usage bias exhibited by each gene in the genome.  A major limitation to the CAI is
that it that it is one-dimensional, providing only a measure of how "high-expression-like"
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a gene appears.  Thus, many typical and alien genes have indistinguishably low CAI
values.
Karlin and Mrázek (2000) proposed a method that solves this problem, categorizing
each gene in the genome as being typical, high expression or alien.  If a gene is
sufficiently similar to the average codon usage of the genome, and sufficiently different
from the codon usage of the high expression genes, it is considered typical.  If a gene is
sufficiently similar in codon usage to two out of three of their high expression gene
categories, and sufficiently different from the average codon usage of the genome, it is
considered high expression.  All other genes are considered alien.  Although this
approach is intuitively appealing, it depends on the average not being overly affected by
high expression, alien, or other aberrant genes.
We suggest that the first step in a cohesive method of codon usage analysis should
be to robustly identify those genes that are typical, or most representative of the genome.
In this chapter we describe an approach to defining and deriving a modal codon
usage—the usage that characterizes the largest number of genes.  This provides a starting
point for characterizing genes that are significantly different.  We first examine the
behavior of this method in problem organisms such as B. burgdorferi and O. sativa, and
then more critically evaluate the method in the well-studied E. coli strains K-12 and
O157:H7 Sakai.
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Materials and Methods
Sequence data
Unless otherwise indicated, genome sequences were taken from NCBI Entrez
system (Wheeler et al. 2007), and coding regions were as defined in the SEED (Overbeek
et al. 2005).  Genes annotated as having programmed frameshifts have been omitted.
Coding regions defined in NCBI were used for Oryza sativa.
Genomic comparisons
Factorial correspondence analysis of relative synonymous codon usage (RSCU) was
performed using the software package CODONW (Peden 1999), which was downloaded
from (http://codonw.sourceforge.net).
Escherichia coli strains were compared using BLASTP (Altschul et al. 1990).  Two
proteins were considered to correspond (be bidirectional best hits) if they were the best
match in both genomes, had at least 90% amino acid sequence identity, and matched over
at least 80% of the protein length.  All other genes were considered to be unique to their
genome.
Borrelia burgdorferi chromosomal genes were separated into leading versus
lagging strand as in (McInerney 1998) from the origin of replication in (Picardeau et al.
1999).
Calculation of codon usage
Codon usage frequencies.  The codon usage of a gene does not include the initiator
or terminator codons.  Codons for selenocysteine and pyrrolysine, and codons with an
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ambiguous nucleotide were omitted.  All codon usage frequencies are expressed as
relative codon usage of each of the cognate codons for the 18 amino acids with multiple
codons.  This choice provides a level of insensitivity to the amino acid composition of a
protein, because all codon usage frequencies for a given amino acid sum to one. Due to
the finite sample of codons available for computing empirical codon usage frequencies,
for each amino acid, one pseudocount has been distributed over its codons.  The overall
codon usage frequencies are expressed as a 59-tuple.  The average codon usage for a set
of genes was found by pooling the codons of all genes.
Evaluating gene codon usage frequencies.  The match of a gene to a set of proposed
(expected) codon usage frequencies was performed by a chi-square test.  The codon
frequencies were used to calculate expected numbers of each of the 59 relevant codons.
The resulting chi-square value has 41 degrees of freedom (59 codon counts minus 18
amino acids whose abundances were normalized).  In the case of proteins that completely
lack an amino acid, the amino acid was omitted from the calculation and the degrees of
freedom correspondingly reduced.  Chi-square P-values were computed according to
Zelen and Severo (1965).  The consequences of applying the chi-square test with low
numbers of expected counts is addressed in Results.  For evaluating the match of a gene
to a set of expected frequencies, a gene was classified as matching the composition if it
had P ≥ 0.1 in the chi-square test.
Finding modal codon usage frequencies.  We defined the modal codon usage
frequencies as the frequencies that match the largest number of genes in a set of genes.
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As outlined in Results, a direct solution is difficult.  We therefore defined an optimization
criterion as:
€ 
S(f,G) = p(f,i)λ
i∈G
∑
where 
€ 
S(f,G)  is the score of the codon usage frequencies f applied to the set of genes G,
€ 
p(f,i) is the chi-square P-value of gene i matching frequencies f, and λ is a positive real
number.  It is easily seen that the larger the number of genes with large P-values, the
greater the sum.  The value of λ affects the P-values that effectively contribute to the
sum; larger values of λ increase the influence for large P-values relative to small P-
values, while smaller values of λ increase the ability of smaller P-values to contribute to
the sum.  To make 
€ 
S(f,G)  approximately equal to the number of genes with P ≥ 0.1 (the
quantity that we seek to maximize), we have used a value of 0.3 for λ.
 Given a set of genes, we must search for the codon usage frequencies f that
maximizes 
€ 
S(f,G) .  For this we use a version of the Simplex method (Nelder and Mead
1965).  The method begins with an initial set of trial points, and then seeks to improve the
points (vertices) by testing new points that are a linear combination of the existing points.
This is a relatively greedy algorithm.  Several attempts are made to improve a given
vertex, and if any attempt is successful, the vertex is replaced and a new cycle started.
Generally, the vertices are prioritized from worst to best.  To allow searching the full
volume of the potential solution space, it is necessary to have at least one more vertex
than the number of independent dimensions.  Thus, we require at least 42 vertices.
Generally we found performance was better with a larger number, as many as 100.  Most
commonly, our starting points were based on the codon usage frequencies of actual
genes.  Specifically, each gene i in a set of genes G was converted to its codon
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frequencies, and these were scored as above.  Typically, the codon usage frequencies of
the 100 highest-scoring genes were used as the initial vertices of the Simplex.  When
fewer than 100 genes were available, additional starting points were produced by making
combinations of the frequencies from different genes, such as the alanine frequencies
from gene 1, the cysteine frequencies from gene 2, etc.  As might be expected in such a
complex search space, no method is guaranteed to find the best solution, and even the
best solution is not necessarily the mode as defined by the number of genes in G with P ≥
0.1.  Regardless, many variations in the methodology have not yielded any qualitatively
different conclusions than those reported in the paper.
Distance between codon usage frequencies
We compute a distance between two codon usages in two steps.  For each amino
acid, we define the distance as the sum of the absolute differences in relative codon usage
frequencies (a Manhattan-metric distance).  Regardless of the number of codons for the
amino acid, this has the property of being 0 if the codon frequencies are identical, and 1 if
there is no overlap in the codons used.  Our overall distance between two codon usages is
the square root of the sum of the squares of the amino acid distances (a multidimensional
Euclidian distance).  Thus, if all relative codon usages are identical for all amino acids,
the distance is zero.  If there is no overlap in the codons used for all 18 amino acids with
multiple codons, the distance is the square root of 18 (~4.2).
To find the expected distance between the modes of two sets of genes, under the
assumption that they are actually drawn from a common pool, the genes were pooled, and
then divided randomly into two sets of sizes equal to those of the original sets.  The mode
was determined for each shuffled gene set, and the distance between the two modes
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calculated.  The reported values are the mean and standard deviation of the distances
from 10 or more replicates.
Software Availability
The programs used to perform this work are written in perl and C. Several of the
analysis steps utilize multiple processors, if available.  They have been tested on PPC and
i386 Macintosh computers, under OS X 10.4 and 10.5, but should work in any Unix
environment. The programs are provided as electronic files (Appendix A) are also
available for download at: http://www.life.illinois.edu/gary/programs.html, as well as at
the Molecular Biology and Evolution website (Davis and Olsen 2009).
Results
Calculation of modal codon usage
By defining the codon usage that is typical to the genome, it is then possible to
identify those usages that are different, that is, atypical (high expression or alien).
Previous studies have used the average codon usage of a genome to represent "typical"
(e.g., Karlin and Mrázek 2000).  Because a genome may contain disparate codon usage
types that would influence the average, we suggest that the typical codon usage could be
better described as the usage that matches the most genes; that is, the modal codon usage.
More precisely, we define the modal codon usage as the codon usage frequencies from
which the largest number of genes are not significantly different.
To define “significantly different”, we use a chi-square test to evaluate the
agreement between the observed codon usage of a gene and an expected usage.  Because
we are interested in codon usage per se, as opposed to amino acid composition, the
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calculation of the expected number of each codon was carried out on an amino acid-by-
amino acid basis (i.e., relative codon usage).  This excludes methionine and tryptophan,
since each has only one codon, leaving 18 amino acids encoded by 59 codons.  After
normalizing for each amino acid's abundance, 41 degrees of freedom remain (for proteins
containing all of these amino acids).  The chi-square value for the codons used in a gene
having been randomly drawn from the expected codon usage frequencies is then
calculated and the corresponding P-value found.  Unless otherwise stated, we classified
genes with P ≥ 0.1 as matching the expected usage.
Our definition of mode requires optimizing the expected codon usage.  Because it
involves the count of genes matching a set of frequencies, it is a discontinuous measure,
making optimization difficult.  To circumvent this, we define a smoothly-varying
approximation of the mode criterion: the sum over all genes of each of the chi-square P-
values raised to the 0.3 power (Materials and Methods).  The more a gene differs from
the mode, the lower its P-value, and the lower its contribution to the sum.  The power 0.3
is used because (0.1)0.3 ≈ 0.5, matching our desired P-value threshold of 0.1 to the point at
which a gene makes 50% of its potential contribution to the sum.  This exponent has also
been tested empirically on several genomes to verify that it effectively maximizes the
actual count of genes with P ≥ 0.1 (G.J. Olsen, personal communication).
This leaves us with the task of finding the codon usage frequencies that maximize
this sum.  For simplicity, we carry out the optimization in the 59-dimensional space of
relative codon usage frequencies.  The search for optimal (modal) codon usage is carried
out with a Simplex method (Materials and Methods).
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Our use of a chi-square test comes with caveats, especially the assumption that the
expected values are "large".  To verify that violations of the assumptions do not interfere
with our analyses, we tabulated the fraction of genes matching the average and modal
codon usages in simulated genomes.  To provide a realistic model of bacterial gene
lengths and amino acid compositions, each simulated gene set was a duplicate of the E.
coli K-12 protein sequence set, but with each codon drawn randomly from the E. coli
average codon usage for the given amino acid.  The resulting simulated genes match the
underlying average codon usage within statistical fluctuation.  We then evaluated the chi-
square P-value for the fit between each individual gene in a simulated genome and the
expected values based on the average codon frequencies and on the modal codon
frequencies of the simulated genome.  The fraction of the simulated genes with a chi-
square P-value greater than or equal to a given threshold was plotted versus the threshold
value (Figure 2.1).
When genes were compared to the average codon usage, the fraction of genes
passing the chi-square test is in nearly perfect agreement with the P-value in the interval
1 ≥ P ≥ 0.1.  At lower P-values, there is a growing excess of genes with high chi-square
values; 5.4% of the genes have a chi-square with P ≤ 0.05, 2.5% of the genes have P ≤
0.02, and 1.4% of the genes have P ≤ 0.01.  When comparing the genes in a simulated
genome to their respective modal usage (rather than their average), there is a systematic
tendency for more genes to match (fewer fail the chi-square test), even though all genes
are drawn from the average codon usage pool.  For example, only 7.2% of the genes have
a chi-square with P ≤ 0.1, and 0.64% of the genes have a chi-square with P ≤ 0.01.  These
results indicate that for simulated genomes with protein sizes and amino acid
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compositions matched to those of E. coli, the chi-square test provides a reliable measure
of matches to the average codon usage within the P-value range we are using.  They also
show that the mode systematically matches more genes than the average (fewer genes fail
the chi-square test).  With a cutoff of P ≥ 0.1, 93% of the simulated genes were not
significantly different from the mode calculated for the simulated genome.
The genomes of several organisms, including Wigglesworthia glossinidia,
Buchnera aphidicola APS, and Rickettsia rickettsii, have been described as exhibiting
little or no high expression codon bias and lacking alien genes (Akman et al. 2002;
Herbeck et al. 2003; Rispe et al. 2004).  For these genomes, 87–93% of the genes are not
significantly different from the corresponding modal codon usage (data not shown).
Thus the above simulations are consistent with analyses of genomes that have nearly
homogeneous codon usage.
Modal versus average codon usage
The most common assessment of genomic codon usage is the average, so in our
initial characterization we compared the average and modal codon usage in E. coli K-12.
Of 4299 annotated K-12 genes (see Materials and Methods for details), 1754 (40.8%)
match both the average and modal codon usages; 324 genes (7.5%) match only the mode,
while 192 genes (4.5%) match only the average.  Thus, 132 more genes (3.1% of the
genome complement) match the mode than the average.  Although this trend should not
be surprising, since it is the defined goal of finding the mode, our optimization criterion
and search method are successful at increasing the number of matching genes.
In E. coli, the difference between the mode and the average is small, but it is
possible that there are genomes in which the difference is large.  To assess this, we
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compared the modal and average codon usages of 674 bacterial and archaeal genomes.
In 42 of these genomes, >10% more genes in the genome match the mode than average.
Table 2.1 gives diverse examples of genomes in which there are large differences
between the number of genes matching the average and the mode.  In the most extreme
genome, Synechococcus elongatus PCC 6301, the mode matches 19.6% more of the
genes in the genome (nearly 500 genes) than the average.  The S. elongatus PCC 6301
genome is a single small (2.7 Mbp) replicon.  Few regions within the genome deviate
from the average G+C of 55.5%, and G+C skew analysis does not reveal the replication
origin or terminus in this organism (Sugita et al. 2007), so a strand-dependent codon bias
is unlikely to be the source of this large difference.  Many of the organisms in Table 2.1
have low G+C content, but there are examples, such as S. elongatus and P. islandicum,
where the G+C content is moderate.
Genomes with multimodal codon usage
Before we engage in a more detailed characterization of modal codon usage, we
wish to consider a case in which the average codon usage is expected to perform poorly.
Some genomes are documented as having bimodal or multimodal codon usage
distributions.  For example, the chromosome of Borrelia burgdorferi displays a
pronounced distinction between genes on the leading and lagging strands (McInerney
1998).  Overall, Table 2.1 displays a substantially better performance of the mode, but if
the codon usage is truly bimodal, we should be able to find the leading and lagging strand
codon usages without manually partitioning the genes between leading and lagging
strands.  The average codon usage of the B. burgdorferi chromosome matches 347 of 565
leading strand genes, and 44 of 289 lagging strand genes (Figure 2.2A).  In contrast, the
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modal codon usage of the chromosome matches 508 leading strand genes and 13 lagging
strand genes (Figure 2.2B).  Thus, modal codon usage is better both at finding the leading
strand genes, and in distinguishing them from lagging strand genes.  When accounting for
the fact that we expect a 7–10% false negative rate due to our matching threshold, the
sensitivity in identifying leading strand genes approached the theoretical limit.
As an attempt to find lagging strand genes, we "deleted" the 521 chromosomal
genes matching the mode, and then took the mode of the remaining genes.  This second
mode matched 250 of the 276 remaining lagging strand genes, and 1 of the 57 remaining
leading strand genes (Figure 2.2B).  Thus, the sensitivity for finding lagging strand genes
also approaches the theoretical limit. Interestingly, 11 of the 13 lagging strand genes that
matched the first mode also match the second mode, so they are consistent with other
lagging strand genes.  Only 31 of the 508 leading strand genes match both modes, so the
second mode also displays good specificity.
The rice genome provides an even more dramatic case.  The O. sativa genes form
two major groups with high and low G+C content (Wang and Hickey 2007).  The average
matches 8.8% of the genes in the genome (2347 genes), while the mode matches 20.9%
of the genes in the genome (5601 genes).  When a correspondence analysis plot is
generated for this genome, the genes matching the average appear to be more sparse and
are drawn away from the area in the plot with the greatest gene density (Figure. 2.3A).
Genes matching the mode appear to be more condensed, and located in the area of
greatest gene density (Figure 2.3B).  14.2% of the genes in the genome (3806 genes) are
matched by a second mode, only 4 of which match both the first and second modes.  The
first axis of the correspondence analysis plot displays the most variation in codon usage,
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and the two distinct groups matched by the first and second modes, can clearly be seen at
either extreme of the first axis (Figure 2.3B).  The average attempts to bridge the two
groups, resulting in the both modes matching more genes than the average.
Modal codon usage of E. coli K-12
To better understand the difference in the average and modal codon usages, we
follow the lead of Médigue et al. (1991) and use Correspondence Analysis to display the
variation in codon usage among the genes for E. coli K-12 (Figure 2.4).  Correspondence
Analysis is a convenient method for separating the genes by codon usage, and allows the
genes to be plotted two dimensionally.  Each point in the plot represents one gene.  As
can be seen in the figure, and as noted by Badger (1999), these results evoke the
characteristic “rabbit’s head” that was originally described by Médigue et al. (1991).
Even though Médigue and colleagues had access to less than 20% of the complete E. coli
genome, and that 20% was certainly not a random sample, our results with the full K-12
genome are qualitatively the same.
In Figure 2.4, we use color to indicate genes matching the modal codon usage (red),
the average codon usage (blue), both (magenta), and neither (grey).  To identify areas of
the plot associated with abundant proteins (high expression genes), we show ribosomal
protein genes as triangles.  They are clearly concentrated in one “ear” of the plot.  To
provide a relatively direct identification of potentially alien genes, genes that are present
in E. coli K-12 but not in E. coli O157:H7 Sakai (K-12 genes without a bidirectional best
hit in O157:H7) are shown as diamonds.  These genes are clearly concentrated in the
other “ear” of the plot.  For the identification of alien genes, codon usage analysis and
comparative genomics are largely congruent.
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Despite the codon usage heterogeneity of E. coli K-12 genes, both the mode and
average are centered in the area of greatest gene density (the "head").  The average
appears to be more drawn toward the high expression genes than does the mode; its
matching genes include the base of the high expression ear.  In contrast, the mode
matches more genes at the base of the alien ear.  However, most of these are not alien
genes; 266 of the 324 (82%) have bidirectional best hits in O157:H7.  Thus, in keeping
with our goal of finding the typical codon usage, the mode matches more genes, and
these genes are relatively stable (nonalien) residents of the E. coli genome.
Measuring the difference between codon usages
Although the Correspondence Analysis of E. coli K-12 codon usage graphically
displays the difference between codon usages (Figure 2.4), we sought a direct measure of
differences in codon usage, and a test of whether two modal codon usages are
significantly different.  For this, we examine the relationship between the codon usages
of replicons in E. coli K-12 and E. coli O157:H7 Sakai.  In addition to a chromosome
with 5254 protein-coding genes, Sakai contains a large plasmid (pO157) with 84
annotated proteins, which is not shared with K-12.  Plasmid pOSAK1, which codes for
only 3 proteins, was omitted from the analysis.
For these replicons and the K-12 chromosome, Table 2.2 compiles the percentage
of genes in each replicon that match (are not significantly different from) each of the
average and the modal codon usages.  Consistent with the goal of the mode calculation,
in each case, more genes in a replicon are matched by its modal usage than by its average
codon usage.  Also, more genes in a replicon are matched by its own mode than by any
other mode.  This property is not shared by the average.  For example, the average codon
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usage of the Sakai chromosome matches more K-12 genes (46.0%) than the K-12 average
(45.3%).
In contrast to the similarity in chromosomal codon usages, the modal usages of the
chromosomes and pO157 plasmid match relatively few genes in each other
(19.6–31.0%).  This leads to the question, are the two modes significantly different?  A
general answer to this question is difficult, so we will begin with the question: How
different are two codon usages?  We use a distance measure between relative codon
usages that varies from 0 to about 4.2 (Materials and Methods).  Table 2.3 (column 3)
reports the distances between the modes of the K-12 chromosome, the Sakai chromosome
and the plasmid pO157.  As suggested by the results above, the two chromosomal modes
are closer to one another (distance of 0.059) than either is to the pO157 mode (distances
of 0.399 and 0.451).
To test if two modal codon usages are significantly different, we ask how different
would they be if they were randomly drawn from the same pool of codon usages?
Although the mode is a summary to the mixture of codon usages, we do not assume that
the underlying gene sets are homogeneous, which would be in obvious conflict with
observation.  A simple approach to this is to combine the genes of the replicons and then
randomly partition them into two new sets with gene numbers equal to those of the
original gene sets.  The distance between the modes of the shuffled replicons is then
calculated (the fourth column of Table 2.3 gives the mean and standard deviation of the
distances between shuffled replicons).  For example, the distance between the modal
usages of the Sakai chromosome and the pO157 plasmid is 0.399, but when the genes are
pooled and randomly divided into sets of 5254 and 84, the observed distances are 0.126 ±
46
0.035.  Thus we conclude that the codon usages of the plasmid and chromosome are too
different to have been drawn from a common pool of genes; the plasmid codon usage is
significantly different from the chromosomal codon usage.
Shifting to the chromosomes, the picture is more complex.  The distance between
the modes of the K-12 and Sakai chromosomes is 0.059, compared to a distance between
shuffled chromosomes of 0.042 ± 0.007.  Thus the difference between the chromosome
modes is not nearly as dramatic as the difference between the chromosome and the
plasmid.  This leads to the question, is this difference between chromosomes due to drift
between shared (homologous) genes, or due to the influences of strain-specific genes?
To address this, we measured the distance between the genes shared by K-12 and Sakai
(defined as those with bidirectional best hits).  The distance between the shared genes
(0.025) is smaller than the distance between the complete chromosomes (0.059),
indicating that most of the difference in these modes is due to their strain-specific genes.
Furthermore, the difference in modes of the shared genes is smaller than the distance
between shuffled sets of shared genes (0.045 ± 0.009).  This discrepancy can be
explained by considering the distance between two identical genomes.  Each gene in one
has a corresponding identical gene in the other, so by any measure of codon usage, they
are identical.  In the present case, each gene in one set of bidirectional best hits has a
corresponding, generally very similar, gene in the other.  This one-to-one correspondence
violates the assumption that these are independent samples.  Hence we are observing that
the difference between the pairs of genes is less than the variation introduced by drawing
random samples of genes to make a genome.
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Comparing distributions of codon usages
A common method of testing whether two samples are from the same population is
to pool them, randomly reassign them to groups, and ask whether the results of an
analysis change.  In the previous section, we examined the effect on the distance between
two modes.  In this section, we examine the effect on the number of genes matching a
mode, a parameter related to both the mode and the heterogeneity of codon usage.  There
are two aspects of the outcomes that we can examine.  First, does intermixing the genes
of two replicons make them more heterogeneous?  If they are different to start with, then
shuffling genes between them will increase the heterogeneity of each replicon, and
decrease the number of genes in a replicon that match its own mode.  A second
perspective is to ask, does shuffling genes between replicons make them more similar?
After shuffling, they will have the same distribution of codon usage types within
statistical sampling error.  Therefore, if shuffling makes them more similar (more genes
in one match the mode of the other), then we conclude that they were different to start
with.
The results of this test for the Sakai chromosome and pO157 are presented in Table
2.4.  Intermixing chromosome and plasmid genes made the chromosome gene set more
heterogeneous (first 2 lines of the table).  Although only 14 fewer genes matched on
average, this is 3.5 standard deviations in the shuffled set.  Similarly, the mixing of genes
made the plasmid more heterogeneous (last 2 lines of the table), but the interpretation is
somewhat different.  After intermixing the chromosome and plasmid, >98% of the genes
are from the chromosome, so the shuffled plasmids are essentially a small subset of the
original chromosome.  Thus, we interpret the observation of increased heterogeneity as
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evidence that the plasmid (before shuffling) is a more homogeneous gene set than is the
chromosome (as sampled in the shuffled plasmid).
Larger effects of shuffling the genes are seen on the number of genes in one
replicon matching the mode of the other replicon.  For example, 26 plasmid genes are
matched by the chromosomal mode, whereas significantly more (35.8 ± 2.7) are matched
after the genes are shuffled.  Most dramatically, only 1257 chromosomal genes (24.0%)
matched the pO157 plasmid mode.  Although this might be due to their codon usage
being systematically different, we might ask whether this is just an artifact of the small
number of genes in the plasmid making it a noisy sample of the organism's codon usage.
When plasmid-size samples are drawn from the mixture of chromosome and plasmid
genes, 2218 ± 38 matched the sample mode.  Thus, the number of chromosomal genes
matching the plasmid mode is much lower than would be found if they were drawn from
a common pool, so we conclude that they are systematically different.  Although the
results above indicate that the difference between the plasmid and chromosome are too
great to be due to the sampling, we can also assess how much the noise introduced by the
small gene sample in the plasmid degrades the match.  Specifically, the mode of the
shuffled chromosome matches 2311 of its own genes, while the mode of the shuffled
plasmid matches only 2218 of the same gene set.
A different pattern is observed when comparing the E. coli K-12 and Sakai
chromosomes.  Shuffling the K-12 and Sakai chromosomes results in a decrease in the
genes in the K-12 chromosome that match its mode, consistent with an increase in codon
usage heterogeneity (table 2.5).  The temptation is to attribute this to mixing in genes
with a different average or modal codon usage.  However, from the perspective of the
49
Sakai chromosome, the shuffling with the K-12 genes increases the number of genes
matching its own mode, indicating a decrease in heterogeneity.  If the K-12 genes were of
a systematically different codon usage, they would be expected to increase the
heterogeneity.  In contrast, if the K-12 genes and Sakai genes shared a common plurality
(modal) codon usage, but the K-12 genes were more homogeneous in their usage, then
mixing the genes would result in a mixture that was less homogeneous than that in K-12
and more homogeneous than that in Sakai.  This is consistent with all of the observations.
This said, the populations of genes in the K-12 and Sakai genomes are significantly
different, but this is not due to a difference in their "typical" usage, but rather due to the
relative proportions of genes with "atypical" codon usage.
Codon usage heterogeneity and its effect on the mode
Figure 2.1 indicates that 93% of the genes with codons drawn from a uniform pool
match the modal usage.  When a lower fraction matches, it suggests that some of the
genes are drawn from other pools, most obviously high expression and/or alien (each of
which is its own complex mixture, as seen in Figure 2.2).  The modal codon usage of the
K-12 chromosome matches 48% of its genes, and the modal usage of the Sakai
chromosome matches 44% of its genes, while the modal usage of pO157 matches 52% of
its genes (Table 2.2), making the plasmid appear to be more homogeneous.  As noted
above, plasmid-sized collections of shuffled E. coli Sakai genes match fewer genes (last 2
lines of Table 2.4), confirming that this is not just an effect of over-fitting of the mode to
the relatively small number of genes.
We have also suggested that the addition of genes with a different codon usage
should have less effect on the mode than on the average.  To test this, we can measure the
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overall change in the mode and the average upon the addition of atypical genes.  One
realistic (if very conservative) way to do this is to consider the E. coli Sakai genome, with
and without the addition of pO157.  Using the distance measure defined above, the
addition of the 84 pO157 genes to the 5254 genes of the chromosome moves the location
of the modal codon usage by 0.0075, while it shifts the average by 0.0092.  Although the
difference in these numbers might not seem significant, if we were to add a larger and/or
a more divergent set of genes than that provided by the pO157 plasmid, then the
difference between the effect on the mode and the average would be greater.
Does base composition dominate codon usage comparisons?
Genes with different base compositions must have different codon usages.  For
example, many genomic “islands” (e.g., prophage) are rich in A+T (Medigue et al. 1991;
Rocha and Danchin 2002).  However, this leads to the question, is similarity in G+C
content sufficient to yield similar codon usage?  To address this we performed two
analyses.
First, we divided the E. coli K-12 genes into two groups, those that match the mode,
and those that do not.  We then examined the distribution of G+C content in each set.  We
expected that those matching the mode would not deviate much from the average G+C of
the genome, and that genes not matching the mode would have more varied base
composition.  The key question is, how abundant are genes that match the genomic G+C,
but not the modal codon usage?
Figure 2.5 overlays histograms of E. coli K-12 genes matching versus not matching
the modal codon usage, plotted as a function of G+C content.  The histogram for genes
matching the modal codon usage shows a smooth distribution, with the largest proportion
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of genes between 50-55% G+C.  If similarity in G+C content were sufficient to ensure a
similar codon usage, we would expect the histogram of genes not matching the mode in
E. coli to be bimodal, with far fewer nonmatching genes found near the median
percentage G+C.  However, a large proportion of genes not matching the mode do have
50–55% G+C, indicating that the criteria for a match between a given gene and a codon
usage is more complex than a match in G+C content.
For our second test we asked, do genes in distantly related organisms with similar
G+C content match the codon usage of E. coli K-12?  If base composition dominates the
codon usage of an organism, we would expect the mode of E. coli to indiscriminately
match genes in organisms with similar G+C content.
Results for analyses of 7 genomes are shown in Table 2.6.  In the closely related
species Salmonella enterica subsp. enterica serovar Typhimurium str. LT2 , 39.0% genes
match the mode of E. coli K-12.  However, the number of genes matching the mode of E.
coli falls drastically for more distant relatives.  The mode of K-12 matches 14.8% of the
genes of the beta-proteobacteruim Nitrosomonas europaea, and 12.8% of the genes of the
delta-proteobacterium Bdellovibrio bacteriovorus.  The mode of K-12 matches only 3
genes (0.1%) of the archaeon Thermococcus kodakaraensis.  Thus, a codon usage match
requires more than just a similar base composition.
The effect of gene length on the mode
Because we use a statistical significance measure (rather than a distance measure)
between individual genes, short genes behave differently than long genes.  Qualitatively,
a long gene strongly influences the sum close to its codon usage, but has little influence
when it is far away and its P-value is so close to zero that changes are negligible.  In
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contrast, the P-value of a short gene is significant over a broader range of codon usages,
but changes very slowly, so it exerts a long-range, but defocused influence.  Although
this differs from most other studies, which discard short genes arguing that they create
noise in the data set, it is consistent with our definition of the mode.
In order to examine the effect of gene length on the mode, we removed short genes
prior to calculating the E. coli K-12 mode and determine the number of matching genes
(Table 2.7).  The mode of the full genome matches 48.3% of the K-12 genes (of all
lengths).  As short genes are removed prior to calculating the mode, a very slight (0.4%)
increase in the number of matching genes is observed.  After removing genes < 400
nucleotides in length, the number of genes in the full genome matching the mode begins
to decline; the gene set being used to find the mode is becoming different than the gene
set used to test it.  Removing short genes prior to calculating the mode does not result in
an appreciable enhancement in the overall number of genes matching the mode.
It is possible that the removal of short genes is actually improving the number of
long genes matching the mode, but this is masked by noise introduced by including short
genes in the test set.  To test this, we repeated the analysis measuring the number of K-12
genes ≥ 900 nucleotides matching the mode (table 2.7, column 4).  As short genes are
removed from the calculation, slightly more long genes (≥ 900 nucleotides) match the
mode; the genes used to find the mode better match the genes used to test it.  However,
this is only a slight improvement in matching long genes (1.8% from the mode of the full
K-12 genome to the mode of genes ≥ 900 nt), while overall the mode is a poorer match to
the long genes (regardless of whether short genes are removed) matching ~10% fewer
long genes in comparison to the full genome.
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To test if this effect is due to gene length, rather than the removal of genes and thus
a smaller sample size, we randomized the gene order of the K-12 genome and generated
modes for half of the randomized genes.  These results mirror the results for the full
genome, indicating that the effect in genes matched is due to gene length.
Discussion
The key step in a characterization of codon usage is the determination of the codon
usage that is “typical” or representative of a set of genes.  To date, most studies have used
the average codon usage as a reference point for studying high expression and foreign
genes (Karlin and Mrázek 2000).  However, a problem with the average is that the
outliers can substantially affect the overall calculation.  We propose that the mode is a
better measurement of typical codon usage.
Defining and finding the mode
Our definition and utilization of the mode involves several decisions that deserve
elaboration.  These begin with our working definition of a mode in 59 dimensions.  With
discrete data, one normally thinks of the mode as the tallest bar in a histogram.  The
location of the mode depends on how the underlying data are pooled into the histogram
categories, and depends on a number of parameters such as the width of the categories, or
how the categories are distributed (linearly, logarithmically, etc.).  Visualizing our
implementation in one dimension would be equivalent to moving a fixed-width bracket
along the axis, and picking the point at which the bracket encompasses the most genes.
Relative to a normal histogram, our bracket is unusually broad (with our P > 0.1
threshold covering 93% of the data in the case of a homogeneous genome).  A tighter
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range (e.g., P > 0.5) might have more appeal.  We chose such a large bracket for the sake
of using the same criterion for finding the mode, and evaluating the number of genes that
are not significantly different.  Our choice of P > 0.1 represents a trade-off between
avoiding false positives and false negatives.  A more stringent criterion will increase the
number of false negatives.  A more relaxed criterion would include more false positives,
especially in a genome with a continuum of high expression and alien genes, pulling the
mode toward them.  We have not explored the possible merits of finding the location of
the mode with a more stringent criterion, but then applying it to the categorization of
genes with a more relaxed criterion.
Given our decision to use a P-value criterion for defining the mode, we had to
choose a method for evaluating the P-value.  We chose to use a chi-square analysis, even
though its assumption of a large sample size relative to the number of categories is
clearly violated.  Figure 2.1 provides empirical evidence that in the P-value range of
interest, the violation of the assumptions does not appreciably change the average
behavior.
Another important issue is that the criterion that we optimize is not the number of
matching genes (our actual goal), but a continuous function of the P-values of the genes.
Even when this function is maximized, it does not mean that we have maximized the
count of genes matching at the given P-value.  Our data and experience suggest that it is a
good compromise, but it is only an approximation of our stated criterion.  A different
function could easily be substituted (most appealingly, one parameterized to allow
asymptotic approach to a discrete threshold).
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Even with our use of a continuous function in the optimization, the process remains
difficult.  It is certainly possible to improve our search method, and we do occasionally
modify details such as our initial selection of vertices or the step size in the simplex
search.  It would be straightforward to incorporate standard methods for improving the
performance of heuristic searches (e.g., repeating the optimization with alternative sets of
starting vertices).  Although we have improved the searches during our performance of
this work, we have never had an instance where it changed the biological conclusions of
an analysis.
Is the difference in the mode and average relevant?
For E. coli K-12 and O157:H7 Sakai, the difference between the mode and the
average is small.  However, there are many genomes for which this is not true (e.g., those
listed in Table 2.1) and in these cases the average becomes a much poorer measure.
Using our distance measure, we documented a slight but measurable difference
between the modes of the chromosomes of E. coli K-12 and Sakai.  In addition, we found
a much greater difference between modes of the chromosome of Sakai and the plasmid
pO157.  This suggests that despite residing within the same organism, pO157 has evolved
separately from the Sakai chromosome.  This difference in codon usage between the
chromosome and plasmid could be considered an expected result, because pO157 is
likely to have been acquired horizontally.  However, despite being foreign, pO157 was
surprisingly homogenous, with 52% of its genes matching the mode (more than either the
K-12 or Sakai chromosome).  This may be a result of pO157 being nonconjugative
(Makino et al. 1998), and it suggests that the plasmid genes have coevolved as a cohesive
unit, rather than being a mosaic of foreign genes with disparate codon usages.
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Concluding Observations
As noted above, the genes that do not match the mode are themselves a diverse
collection.  They can include high expression and alien genes, and these categories are
themselves heterogeneous sets.  Although detailed analyses of these atypical genes is
beyond the scope of this chapter, we wish to end with the rather humbling observation
that they constitute greater than 50% of the genes in the E. coli Sakai chromosome.  If
half the genes in a genome matched its mode, and all other genes were of sufficiently
different codon usage to avoid false positives (which is not true), then >46% of the genes
in the genome would match the mode.  In E. coli Sakai, only 45.5% of the chromosomal
genes match the mode, so over half of the genome comes from other pools.
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Table 2.3.  The distance between the modal codon usages of E. coli replicons.
Replicon 1 Replicon 2
Distance between
replicon modes
Distance between
shuffled replicons a
K-12 chromosome Sakai chromosome 0.059 0.042 ± 0.007
K-12 chromosome pO157 0.451 0.103 ± 0.014
Sakai chromosome pO157 0.399 0.126 ± 0.035
K-12 bbh genes b Sakai bbh genes 0.025 0.045 ± 0.009
a Average ± standard deviation of distances between codon usage modes of simulated
replicons with a random partitioning of the combined set of genes.
b Subset of genes that are bidirectional best hits between K-12 and Sakai.
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Table 2.4.  Effect of shuffling genes between E. coli Sakai replicons on the number of
genes matching the mode.
Number of matching genes
Genes in
Matching the
mode of
Actual
replicons
Shuffled
replicons a
chromosome chromosome 2325
chromosome* chromosome* 2311.2 ± 4.0
chromosome pO157 1257
chromosome* pO157* 2218.3 ± 38.4
pO157 chromosome 26
pO157* chromosome* 35.8 ± 2.7
pO157 pO157 44
pO157* pO157* 38.3 ± 3.5
a Genes of the chromosome and plasmid were pooled, then randomly divided into two
groups of the original sizes (referred to as chromosome* and pO157* in the first two
columns of the table).  Values are average number of genes matching the mode of the
shuffled replicon ± standard deviation.
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Table 2.5.  Effect of shuffling genes between E. coli K-12 and Sakai chromosomes on the
number of genes matching the mode.
Number of matching genes
Genes in
Matching the
mode of
Actual
replicons
Shuffled
replicons a
K-12 K-12 2078
K-12* K-12* 1983.9 ± 17.7
K-12 Sakai 2018
K-12* Sakai* 1978.2 ± 18.2
Sakai K-12 2309
Sakai* K-12* 2405.4 ± 25.6
Sakai Sakai 2325
Sakai* Sakai* 2404.6 ± 15.8
a Chromosomal genes were pooled, then randomly divided into two groups of the original
sizes (referred to as K-12* and Sakai* in the first two columns of the table).  Values are
average number of genes matching the mode of the shuffled replicon ± standard
deviation.
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Table 2.7.  Percentage of genes matched by modes generated from subsets of the E. coli
K-12 genome.
% genes matched
Mode CDS full genome genes ≥ 900nt
full genome 4299 48.3 37.3
genes ≥ 100 nt 4287 48.3 37.2
genes ≥ 200 nt 4178 48.7 38.1
genes ≥ 300 nt 3869 48.6 38.4
genes ≥ 400 nt 3543 48.0 38.5
genes ≥ 500 nt 3204 47.7 38.7
genes ≥ 600 nt 2900 47.2 38.5
genes ≥ 700 nt 2578 46.7 38.6
genes ≥ 800 nt 2237 46.5 39.1
genes ≥ 900 nt 1934 46.0 39.1
randomized a 2149 48.2 ± 0.007 37.6 ± 0.006
a Generated by randomizing the genes of the K-12 genome and taking the mode of half,
values are the average of 10 trials.
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Figures
Figure 2.1.  Fraction of genes not matching the average and modal codon usages, at
varying chi-square P-values, for simulated genomes.  Simulated genomes were generated
by matching the E. coli K-12 gene lengths and amino acid compositions, and drawing
each codon randomly from the E. coli K-12 average codon usage for the given amino
acid.  The average and modal codon usages were determined for each simulated genome,
and the fraction of simulated genes not matching was determined for each P-value.  Plot
symbols show the mean of 100 replicates, while the flanking lines encompass 80% of the
simulations.  Circles, fraction not matching average; squares, fraction not matching
mode.
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Figure 2.4.  Factorial correspondence analysis plot of E. coli K-12 showing the mode and
the average.  Each plot point represents a gene.  This is a projection from the 59-
dimensional space of codon usage to a 2-dimensional plot.  The projection is chosen
(essentially) to show as much of the gene-to-gene differences along the X- and Y-axes as
possible.  Genes with similar codon usage are grouped together.  Magenta genes match
(do not significantly differ from) both the modal and average codon usages of the
genome.  Blue genes match only the average codon usage.  Red genes match only the
modal codon usage.  Grey genes do not match either. Ribosomal proteins (used to locate
high expression bias) are shown as triangles.  Genes present in E. coli K-12, but not in E.
coli Sakai (candidates for foreign genes) are shown as diamonds.  All other genes are
shown as squares.  Genes are layered as follows (from bottom to top): matching neither
the average nor the mode (grey), matching both the average and the mode (magenta),
matching the mode only (red), matching the average only (blue).
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Figure 2.5.  Histogram of G+C content of E. coli K-12 genes matching, or not matching,
the modal codon usage of the genome.  Red bars indicate the number of genes of a given
G+C content matching the mode.  Blue bars indicate the number of genes of a given G+C
content not matching the mode.  The blue bars are semitransparent, so the region of
overlay is purple.
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Chapter 3: Modal Codon Usage: Characterizing
multireplicon genomes and surveying intragenomic
codon usage heterogeneity*
Abstract
In the previous chapter, we proposed that typical codon usage should be the
mode—the codon usage that matches the most genes.  In this chapter, we use the mode to
examine the evolution of the multireplicon genomes of Agrobacterium tumefaciens C58
and Borrelia burgdorferi B31.  In A. tumefaciens the circular and linear chromosomes are
characterized by a common "chromosome-like" codon usage, while both plasmids share a
distinct "plasmid-like" codon usage.  In B. burgdorferi, in addition to different codon
usage biases on the leading and lagging strands of DNA replication (McInerney 1998;
Lafay et al. 1999), we also detect a codon usage similarity between linear plasmid lp38
and the leading strand of the chromosome, and a high similarity among the cp32 family
of plasmids.  We also use the mode as a reference point for assessing codon usage
homogeneity, and determine the most and least homogenous bacterial and archaeal
genomes.  The genomes with the most homogeneous codon usage are predominantly
from organisms with reduced genomes including endosymbionts, parasites, and free-
living marine bacteria.  The most heterogeneous genomes include members of the genera
Bacteroides, Corynebacterium, Xylella, Neisseria, Bifidobacterium, and Desulfotaela.  In
                                                 
* Portions of this chapter have been published previously: Davis JJ, and Olsen GJ. 2009.
Modal Codon Usage: Assessing the typical codon usage of a genome Mol Biol Evol. doi:
10.1093/molbev/msp281
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these latter organisms, greater than 2/3 of the genes in the genome differ significantly
from the mode.
Introduction
In the standard genetic code, 18 of the 20 amino acids are encoded by more than
one synonymous codon.  Among genes, the preference for synonymous codons can
differ, providing a means for comparison.  Codon usage analyses have the potential to
yield more information on gene relationships than a comparison of G+C content, yet are
not limited by a need for overall sequence similarity.
Studies of codon usage have revealed that many genomes have a signature codon
usage that is representative of the typical genes of that genome (Grantham et al. 1980a;b).
Despite this overall signature, the gene-by-gene codon usage of most genomes is
heterogeneous.  In many cases a major source of this heterogeneity is the subset of genes
that exhibit high expression codon usage.  This codon usage was termed “high
expression” because genes that routinely produce proteins in high abundance, such as
transcriptional and translational proteins, commonly exhibit this usage (Grantham et al.
1981; Ikemura 1981a,b; Gouy and Gautier 1982).  It is thought that this bias reflects the
“optimal” codons that provide for more efficient translation, and thus greater protein
abundance (Grantham et al. 1981; Ikemura 1981a,b; Gouy and Gautier 1982; Grosjean
and Fiers 1982).  Another common source of codon usage heterogeneity comes from
genes that have been acquired horizontally (Médigue et al. 1991).  These genes can differ
drastically from the native genes of the genome (both typical and high expression),
potentially bearing the codon usage of their original source.  Because of this, many
studies consider a gene to be foreign by virtue of it not matching the high expression or
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typical codon usages of the genome (e.g., Lawrence and Ochman 1997; Karlin and
Mrázek 2000).
Because of the codon usage heterogeneity found in most genomes, many previous
methods of analysis have relied upon ad hoc approaches to compare genes, primarily
focusing on only the high expression or foreign genes (e.g., Sharp and Li 1987).  We
believe that the first step in a cohesive method of codon usage analysis should be to
categorize those genes that are typical, or most representative of the genome.  This
provides a basis of comparison for the smaller subsets of genes (high expression and
foreign) that may differ.  Previous methods have considered typical codon usage to be the
genomic average (e.g., Karlin and Mrázek 2000).  However in calculating the average,
atypical genes are included, potentially skewing the result.  In the previous chapter, we
suggested a measure that decreases the potentially misleading effects of atypical genes.
This, in essence, is the mode—the codon usage that represents the plurality of genes.  For
E. coli K-12 and O157:H7 Sakai we demonstrated that the modal codon usage matches
more genes, and is less perturbed by the addition of atypical genes, than the average.  We
also provided evidence that gene length, and variations in base composition between
genes, does not greatly affect the outcome of the mode.
The mode is a potentially valuable tool for studying the evolution of a genome.  For
example in the previous chapter, we were able to demonstrate that the modal codon usage
of plasmid pO157 (from E. coli Sakai) was significantly different than the modal codon
usage of the Sakai chromosome.  This indicates that the majority of genes of the plasmid
are likely to have evolved independently of the chromosome.  This type of analysis can
be utilized to study the evolution of more complex genomes.
74
The A. tumefaciens genome is large (~5.7 Mbp) and comprised of four replicons: a
circular and a linear chromosome, and two large plasmids (Goodner et al. 2001; Wood et
al. 2001).  It is a free-living soil bacterium, but is also the causative agent of crown-gall,
an oncogenic plant disease (Smith and Townsend 1907).  The α-proteobacteria, which
include A. tumefaciens, contain many examples of genomes with more than one
chromosome.  In the case of A. tumefaciens, it is thought that the linear chromosome
arose from the transfer of essential genes to a plasmid (Goodner et al. 2001).
B. burgdorferi is the causative agent of Lyme disease (borreliosis), a tick-borne
disease of mammals (Burgdorfer et al. 1982).  As is the case in many vector-borne
disease-causing bacteria, it has a reduced genome (~1.5 Mbp).  However in this case the
genome is unusual, comprising 22 replicons: one small linear chromosome approximately
911 kbp in size, and 21 plasmids, both circular and linear, ranging in size from
approximately 5–50 kbp (Fraser et al. 1997; Casjens et al. 2000).  Not surprisingly,
genome studies have documented extensive recombination between these replicons
(Fraser et al. 1997; Casjens et al. 2000).
In this chapter, we examine the modal codon usages of the replicons of these two,
more complex, bacterial genomes.  Comparisons between the replicons comprising these
genomes may provide insights into those replicons with common origin and/or
maintenance mechanisms.  The fraction of genes matching the mode can also be used to
assess genomic codon usage homogeneity.  We analyzed 674 bacterial and archaeal
genomes in this manner, and examine those that are most and least homogenous.
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Materials and Methods
Sequence Data
Genome sequences were taken from NCBI Entrez system (Wheeler et al. 2007), and
coding regions were as defined in the SEED (Overbeek et al. 2005).  Genes annotated as
having programmed frameshifts have been omitted.
Codon Usage Comparisons
Modal and average codon usage data were generated according to the methods
described in Chapter 2.  For evaluating the number of genes in a genome or replicon (or
any other set), a gene was classified as matching the composition if it had P ≥ 0.1 in the
chi-square test.  Distances between modal codon usages were also measured as described
in Chapter 2.
Drawings of Genomic Codon Usage
For A. tumefaciens, the genes of the chromosomes and the genes of the plasmids
were concatenated and the mode of the combined set was determined for chromosomes
and plasmids.  In order to reduce the number of unidentifiable genes, in this instance, the
observed codon counts in the chi-square test were controlled for codon length with a
cutoff of 300 observed codons.  This cutoff was used to reduce the number of (long)
native genes that appear foreign in the color scheme.  Genome drawings were rendered in
POV-Ray.
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Tree Inference
Distances between codon usages were calculated as described in Chapter 2.  A
neighbor-joining distance tree was calculated using the neighbor program in the PHYLIP
package (Felsenstein 1989).  Borrelia burgdorferi chromosomal genes were separated
into leading versus lagging strand as in (McInerney 1998), from the origin of replication
in (Picardeau et al. 1999).
Results
Codon Usage Analysis of Agrobacterium tumefaciens C58
In Chapter 2, we calculated the modal codon usage of entire genomes; however, the
mode can be applied to any group of genes.  This enables us to assess the codon usage
similarities and differences between the replicons comprising a given genome.  To
demonstrate this approach, we studied the genome of A. tumefaciens C58, which has two
chromosomes (one circular and one linear) and two circular plasmids (Goodner et al.
2001; Wood et al. 2001).  This analysis enables us to assess the relative codon usage
similarities between the chromosomes (which are topologically different), between the
chromosomes and the large mobile plasmids, and between the plasmids themselves.
For each A. tumefaciens replicon, and for the combination of all replicons, the
modal codon usages were determined, and the percentage of genes matching each was
calculated (table 3.1).  For each individual replicon, 60–64% of a replicon's genes match
(are not significantly different from) its own modal usage.  The modes of the circular and
linear chromosomes are extremely similar, with only 1% more of the genes on a given
chromosome matching their own mode than match the mode of the opposite
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chromosome.  More surprisingly, the plasmids also have similar modal usages, with 55%
and 61% of the genes on the At and Ti plasmids matching the mode of the opposite
plasmid.  In stark contrast, the chromosomal modes differ greatly from the plasmid
modes.  Typically twice as many plasmid genes match a plasmid mode than match a
chromosome mode, and vice versa.
Distances between the codon usages of the A. tumefaciens replicons.  The above
results indicate that the genes of the chromosomes poorly match the genes of the
plasmids, and vice versa.  To more directly quantify the differences between replicons,
we measure the distance between the modal codon usages of each replicon (Table 3.2,
column 3).  The results reflect the observations made above: the distances between
chromosomal modes and plasmid modes (0.390–0.469) are large compared to the
distances between the two chromosomal modes (0.062), or the two plasmid modes
(0.106).  To assess the significance of these distances, we repeated the distance
calculations, but with the genes shuffled between the two replicons being compared
(Table 3.2, column 4).  The results show that all replicons have at least marginally
significant differences in modal codon usage, but that in both magnitude and significance,
the fundamental difference is between the chromosomes and the plasmids.
The distribution of codon usages within the A. tumefaciens replicons.  Given that A.
tumefaciens genes form two main groups, “chromosome-like” and “plasmid-like”, we
asked how genes matching theses two codon usage types are distributed within the four
replicons.  In doing so, we note that neither high abundance nor "alien" codon usage
types are analyzed here (mostly, they appear different from both chromosomal and
plasmid).
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Figure 3.1 displays the four replicons of A. tumefaciens C58, with each gene
colored according to its codon usage: similar to (not significantly different from) the
chromosomal mode (orange), similar to the plasmid mode (purple), similar to both (teal),
or similar to neither (black).  A gene-by-gene accounting is provided electronically
(Appendix B).  Since we do not include a category for high-expression codon usage,
genes encoding highly abundant proteins tend to be black.  Overall, the chromosomes are
composed of chromosome-like genes, and the plasmids are composed of plasmid-like
genes.  One obvious exception is a concentration of plasmid-like genes near the ends of
the linear chromosome.  There are large stretches of genes that match neither the plasmid
nor chromosome modal usages.  Notably, with just the exception of rolB (Atu6003) and
D protein (Atu6004), which are not significantly different from plasmid codon usage, the
genes of the T-region of the Ti plasmid (the DNA transferred to plants for tumor
formation and opine production) do not match either the plasmid or chromosomal usage
(Appendix B).  Indeed, their plant-like codon usage has been previously noted (Wood et
al. 2001).
These results indicate that the topological difference of linear and circular
chromosomes introduces little or no selection on codon usage.  More surprisingly, the
data conflict with an image of plasmids as vehicles that promiscuously travel amongst
diverse hosts, picking up and dropping off genes along the way.  If this were the case we
would expect few genes within a plasmid to share a common codon usage, and distinct
plasmids to have distinct codon usages.  Instead we observe that, despite their distinct
gene contents, each plasmid has a relatively homogeneous codon usage (most genes are
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not significantly different from the modal usage), and the two plasmids are very similar
in codon usage even though they are very far from the codon usage of the chromosomes.
Codon Usage Analysis of Borrelia burgdorferi
Borrelia burgdorferi offers an extreme example of a genome with many replicons:
a linear chromosome, 12 linear plasmids and 9 circular plasmids (Fraser et al. 1997;
Casjens et al. 2000).  Although previous studies of the B. burgdorferi chromosome have
shown a significant difference in codon usage between genes on the leading and lagging
strands of DNA replication (McInerney 1998a; Lafay et al. 1999), they did not address
the relationships among the replicons.
The multiplicity of elements, and the fact that shared gene content ranges from zero
to nearly complete, led us to explore an alternative to a purely tabular representation of
the differences in codon usage.  To display the relationships between the modal codon
usages of the B. burgdorferi replicons, we constructed a neighbor-joining tree from the
pairwise distances between the modal codon usages of each replicon.  Replicons with
fewer than 30 genes were excluded (due to statistical noise), leaving 17 replicons in the
analysis. The leading stand genes (transcribed in the direction of replication) and lagging
strand genes (transcribed opposite the direction of replication) in B. burgdorferi have
very distinct codon usages, so we also included the modal codon usage of each of these
two gene sets.  Previous observations that these latter codon usages appear bimodal in an
FCA plot (McInerney 1998a; Lafay et al. 1999; see also Figure 2.2) led us to reason that
if the data are truly bimodal, then we might directly identify the two sets of genes by
identifying the modal codon usage ("first mode"), removing the genes not significantly
different from this mode, and then finding the modal codon usage of the genes that
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remain ("second mode").  These two modes are also included in the tree.  Finally we add
the most similar other (non-B. burgdorferi) genomic codon usages to provide a context
and a sense of scale to the codon usage differences observed among the B. burgdorferi
replicons.  To do this, we compared each of the B. burgdorferi modal codon usages listed
above to those of 674 other bacterial and archaeal genomes, recording the three genomes
closest (least distant) in codon usage to each B. burgdorferi mode.  All of these most
similar genomes (11 in total) were added to the analysis (Figure 3.2).
The tree of modal codon usage indicates a similarity between the B. burgdorferi
chromosome mode and lp38, as well as similar usages among the cp32 family of
plasmids.  The cluster containing the B. burgdorferi chromosome also contains the
leading strand mode, the mode of the B. burgdorferi genome (all chromosomes
combined) and all other Borrelia genomes.  The chromosome is most similar to the
leading strand mode, and both are more similar to B. garinii and B. afzelii, than they are
to the entire B. burgdorferi genome (probably the result of plasmid genes "pulling" on the
mode of the combined gene set).  The chromosome/lp38 cluster is separated from the rest
of the plasmids by a sufficient distance such that the connection is split by a branch
leading to Prochlorococcus genomes.  This intermixing of codon usages of distantly
related organisms is an indication of the limits on divergence that can be reliably
attributed to a specific relationship (i.e., the plasmids, other than lp38, are too distant to
be reliably associated with the host organism on the basis of codon usage).  The plasmid
codon usage cluster is sufficiently heterogeneous that it too includes interspersed
genomes of distantly related organisms.  The plasmids include a subgroup of cp32 family
of circular plasmids and lp56 (which contains a full copy of a cp32 plasmid) (Casjens et
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al. 2000).  The remaining plasmids (lp28 family, lp25, lp54, and lp36) are less tightly
clustered, have longer branch lengths, and are interrupted by the other unrelated
genomes.
The modal codon usage of the leading strand of the B. burgdorferi chromosome and
the first mode of the B. burgdorferi chromosome are nearly identical.  More interestingly,
the same is also true of the lagging strand mode and the second mode of the chromosome.
Thus, true to its design, our definition of the mode appears to be applicable to the analysis
of multimodal data (a situation in which the average performs particularly badly).  Our
inclusion of context genomes also makes it clear that the codon usage of the lagging
strand genes (and the second mode) shows no similarity to any of the other B. burgdorferi
codon usages—the two closest branches correspond with the modes of the
Flavobacterium psychrophilum and Mycoplasma synoviae genomes.
The most homogeneous and heterogeneous genomes
The fraction of genes matching the modal codon usage can also be used as a
measure of the overall homogeneity (or conversely, heterogeneity) of a genome.  This
leads to the question, among the organisms with sequenced genomes, which are the most
homogeneous in codon usage, and which are the most heterogeneous?  To investigate
this, we computed the modal codon usage for 674 bacterial and archaeal genomes, and
calculated the percentage of genes matching the modal and average codon usages of each.
Table 3.3 lists the ten species with the most and least homogenous genomes according to
the percentage of genes matching the mode, with the complete list included as Appendix
C.
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The most homogeneous genome is Wigglesworthia glossinidia, an endosymbiont of
Glossina brevipalpis, with 92.7% of the genes matching the mode.  This suggests that
this genome is nearly perfectly homogeneous, since even in a perfectly homogeneous
genome, by chance, 7–10% of the genes will not match the mode (this is the false
negative rate when using a threshold of P ≤ 0.1 for rejecting a match) (see Chapter 2 for
details).  Other homogenous genomes include endosymbionts of the bacterial genera
Buchnera and Wolbachia, and the parasitic archaeon Nanoarchaeum equitans.  The
parasites of the genera Rickettsia and Spiroplasma also have homogenous genomes.
Although it has been argued that parasites that are genetically isolated or have reduced
genomes are expected to have uniform usage, other particularly homogeneous genomes
are those of free-living organisms in the genera Prochlorococcus and Pelagibacter.
The most heterogeneous genome is Bacteroides vulgatus, with less than 27% of its
genes matching the mode.  Other extremely heterogeneous genomes are found in
members of the genera Corynebacterium, Xylella, Neisseria, Bacteroides, Bifidobacteria
and Desulfotaela.
Codon usage homogeneity is not always constant within a phylogenetic group.  In
one interesting example, Prochlorococcus marinus subsp. pastoris CCMP1986 (MED4)
and P. marinus MIT 9312 are free-living organisms with very homogeneous genomes
(with 88% and 86% of the genes matching the mode respectively), while
Prochlorococcus marinus MIT 9313 has one of the least homogeneous genomes with
only 42% of the genes matching the mode (Appendix C).
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Discussion
Replicon Codon Usage in Agrobacterium tumefaciens C58
Our replicon-by-replicon analyses of modal codon usage reveal two distinct types
of codon usage in A. tumefaciens: chromosomal-like and plasmid-like.  Goodner et al.
(2001) suggested that the linear chromosome has arisen from the transfer of chromosomal
genes to a plasmid.  They suggested this, in part, because the linear chromosome contains
the plasmid replication genes repABC.  While it is unknown whether this hypothetical
primordial plasmid would have had a similar codon usage with the extant plasmids, our
results indicate that the present day chromosomal repA and repB match both the
chromosomal and plasmid codon usages, and that repC is distinctly plasmid-like
(Appendix B).
The similarity in codon usages of the pAt and pTi plasmids was more surprising,
given that they are independently conjugative (Kerr et al. 1977; Genetello 1977; Chen et
al. 2002).  The matching codon usage of both plasmids suggests the coexistence and
coevolution of these replicons over a long period of time.  The most common explanation
for the evolution of these plasmids is that the genes with plasmid-like codon usage reflect
the signature codon usage of an earlier donor organism, and that sufficient time has not
elapsed for the plasmids to have ameliorated to the codon usage of the rest of the genome
(Lawrence and Ochman 1997).  In this case, it would suggest a relatively long shared
history, despite their independent mobility.
The plasmids of A. tumefaciens are also remarkably homogeneous with 64% and
60% of the genes matching the mode for pAt and pTi respectively.  This level of
homogeneity is similar to the chromosomes, in which 62% of the genes match the mode.
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Similar results were obtained for pO157 of E. coli O157:H7 Sakai, with 52% of the genes
matching the mode (Chapter 2), and the larger B. burgdorferi plasmids (data not shown).
In each of these cases, there are genes with very different codon usage from the plasmid
mode, but the relative homogeneity suggests that either genes are gained from other
genetic elements with similar codon usage, or that the gene gains and losses have not
been sufficiently frequent to obscure the presence of a core gene set.
Both the pAt and pTi plasmids contain chromosome-like genes; however, there is
little indication that they are becoming chromosomes through the acquisition of
chromosomal genes.  There are no large blocks of genes with chromosome-like codon
usage in the plasmids.  Nearly half of the chromosome-like genes on pAt are annotated as
ABC transporter genes.  Of the 13 chromosome-like genes on pTi, 6 are involved in
conjugative transfer: trbF, L, J, E, B, and traR.  Despite their codon usages, these genes
are clearly not chromosome-like in function.
Replicon codon usage in B. burgdorferi
The large number of B. burgdorferi replicons and their relatively small number of
genes make their analysis challenging and led us to seek an alternative to presenting
distances between all pairs of elements.  We have explored a number of methods to
assess the statistical significance of the plasmid grouping, without developing any clear
and generally applicable measure.  In the case of A. tumefaciens replicons we calculated
the pairwise distances between modal codon usages and compared it to the distances
observed when the genes where shuffled between the replicons.  Applying this to
Borrelia, we would then ask if some pairs of sequences were significantly more similar
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than others.  However, as already pointed out, this analysis breaks down when replicons
contain homologous genes, biasing them to look more similar than random (because it is
not random).  Even if this worked, presenting a meaningful summary of so many pairs of
relationships, and disentangling the multiple hypothesis testing, would be a formidable
challenge.  Thus, although only lp38 shows a statistically significant difference in codon
usage when the plasmids are compared in this way (data not shown), it is not possible to
conclude that it is the only plasmid that is significantly different.
As an alternative approach, we examined a resampling method in which the codon
usage for each replicon was reevaluated based on a bootstrap-style resampling of its
genes.  Then a tree was computed from the codon usages of each resampled set of genes.
With this rather brutal approach, the grouping of lp28-2 and lp54 was seen in 90% of the
trees, and the grouping of the chromosome with lp38 was seen in 88% of the trees.  No
other group was seen more than 50% of the time (the cp32 family of plasmids was
excluded from this analysis).  We suspect that this provides an overly conservative
assessment of the groupings seen in Figure 3.2, but we have not come up with
alternatives that correctly handle the nature of the data, particularly the fact that some of
the plasmids have essentially identical gene sets, while others do not.
Given the problems with alternative approaches, we chose a codon usage tree
(Figure 3.2) to display the differences between replicon modes.  Doing so comes with
caveats (e.g., see the documentation for the GCUA program, McInerney 1998b).
Primarily, the tree does not represent a phylogeny per se, and convergent codon usage is
possible.  In particular, it is likely that the non-Borrelia genomes are drawn into the tree
due to convergence in codon usage, rather than any close evolutionary relationship
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between their genes and those of B. burgdorferi.  More to the point,
Thermoanaerobacter, Petrotoga, and Thermosipho are unlikely to be the source of any of
the B. burgdorferi plasmids because they are thermophilic organisms found in distinct
environments (Onyenwoke et al. 2007; Roh et al. 2002; Lien et al. 1998; Antoine et al.
1997).  The distance between lp56 and the genome of Prochlorococcus marinus
NATL2A is 0.26, and is the smallest (convergent) distance we have observed between a
B. burgdorferi replicon and a genome with (presumably) unrelated codon usage.  Thus,
we suggest that codon usage distances greater than 0.26 require further scrutiny (the
similarity may be real, or due to convergence).  Despite this limitation, illustrating codon
usage similarities with a tree that includes all of the most similar codon usages observed
in other genomes provides an internal scale by which to see the groups of replicons that
are more like one another than they are like any other sequenced genome.  That is, this
method helps clarify codon usage groups that are biologically relevant, in this case these
include the chromosome grouping with lp38 (and the complete genome, and the genomes
of other Borrelia species), and the distinct cp32 group.
Previous codon usage studies have focused on determining whether the B.
burgdorferi genome has expression-related codon bias (McInerney 1998a; Lafay et al.
1999).  They concluded that B. burgdorferi had no discernable expression-related bias,
and that the major source of codon usage variation is caused by genes residing on the
leading versus the lagging strand of DNA replication.  While we did not search for
expression related codon usage in this chapter, our results reinforce these earlier
findings—the distance between the modes of the leading and lagging strand (or between
their proxies, mode 1 and mode 2 of the chromosome) is greater than any other distance
87
in Figure 3.2 (including the non-Borrelia genomes).  Thus, we too conclude that strand
bias is the dominant source of codon usage variation in B. burgdorferi.  However, by
measuring the distances between the modes of each replicon, we are also able to
distinguish the more subtle differences between replicons—namely the similarity
between lp38 and the chromosome, and the cp32 cluster.
Barbour (1993) suggested that the B. burgdorferi linear plasmids might in fact be
“mini-chromosomes”, given that they all share the same topology and copy number.  If
these plasmids were chromosomes we would expect them to be chromosome-like in
codon usage; however, this is not the case for any of the plasmids, except possibly lp38.
Lp38 groups with the chromosome to the exclusion of other replicons, but it does not
have the characteristics of a chromosome.  For example, some high passage strains have
lost lp38 (Norris et al. 1992).  Another reason proposed for classifying the linear plasmids
as chromosomes is that they carry the genes for major outer membrane proteins (Barbour
1993).  This is the case for lp38, which carries ospD, an outer membrane lipoprotein that
is not essential for virulence in mice, but is involved in tick colonization (Norris et al.
1992; Li et al. 2007).  Our data indicate that the codon usage of the ospD gene is
significantly different from the modal codon usages of both lp38 and the chromosome
(data not shown).  It is unlikely that ospD is significantly different from the chromosome
because of high expression codon bias (above).  On the basis of codon usage, our data do
not suggest the classification of any of the B. burgdorferi plasmids as chromosomes.
Heterogeneity of codon usage within genomes
As noted above, a homogeneous codon usage requires a relative lack of high
expression codon usage bias, as well as a lack of alien DNA. The most homogeneous
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genomes in Table 3.3 were largely expected; previous studies have documented nearly
uniform codon usage in these organisms using other methods.  Examples of this include
Wigglesworthia (Herbeck et al. 2003), Buchnera (Wernegreen and Moran 1999; Rispe et
al. 2004), Prochlorococcus (Banerjee and Ghosh 2006), and Rickettsia (Andersson and
Sharp 1996).  Most are organisms with reduced genomes, particularly those of host-
dependent endosymbionts and parasites.  The notable exceptions to this are
Prochlorococcus (discussed below) and Pelagibacter.
Unlike the homogeneous genomes, there is little literature on particularly high
levels of codon usage heterogeneity in genomes.  One reason for this is that the most
heterogeneous genomes are more difficult to identify.  Extremely biased genomic base
composition is a predictor of codon usage homogeneity, but base composition offers little
indication of the most heterogeneous genomes.  For example, five of the most
heterogeneous genomes from Table 3.3 have genomic G+C contents between 50% and
55%.  Furthermore, regions of biased base composition within the genome may not be
indicative of codon bias.
The source of heterogeneity in these organisms could be the result of large numbers
of genes with high expression codon bias.  For example, Fu et al. (2005) estimated that
genes with high expression codon bias comprise 26% of the X. fastidiosa genome.
However, this is far short of the 70% of the genes in X. fastidiosa that do not match the
mode.  A large extrachromosomal element could create a bimodal distribution of genes
making a genome appear heterogeneous.  However, none of the heterogeneous genomes
from Table 3.3 contain a plasmid large enough to alter the results of the mode—the
largest plasmid in this group contains 101 genes.  This suggests that the source of
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heterogeneity is aberrant genes within each chromosome, and is possibly the result of
rampant horizontal gene transfer.  Transposons would be likely contributors to codon
usage heterogeneity.  For instance, the Bacteroides genomes are known for their large
conjugative transposons (CTns).  However, because over 70% of the genes in the B.
thetaiotaomicron genome do not match the mode, it is likely that many of these genes
will not appear in the genomic context of a transferable element, so codon usage analyses
represent a necessary step in understanding these highly heterogeneous genomes.
The Prochlorococcus genomes are particularly enigmatic in their range of codon
usage homogeneities.  The most homogeneous P. marinus genomes, CCMP1986
(MED4) and MIT 9312 (with 88% and 86% of the genes matching the mode
respectively), are both adapted to life in ocean surface waters with high light intensity
(Moore et al. 1998).  In contrast, one of the most heterogeneous genomes is the low-light
adapted P. marinus strain MIT 9313 in which only 42% of the genes match the mode.
Sullivan et al. (2003) documented productive infection of high-light adapted
Prochlorococcus strains only by narrow host range cyanophage, but productive infection
of low-light adapted Prochlorococcus and Synechococcus strains by broad host range
cyanophage.  This makes it tempting to attribute the codon usage heterogeneity of MIT
9313 to a greater diversity of transduced DNAs.  However, this is at best an imperfect
predictor; other low light strains, MIT 9211 and NATL2A, are also susceptible to
promiscuous phage, but have intermediate levels of codon usage heterogeneity, with 60%
and 75% of the genes matching the mode.  A full understanding of the role of phage will
also require distinguishing differences in host range for productive infection, and the
range of recipients for transduction.
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Concluding Observations
Our observations leave several unanswered questions.  The observation that most
plasmids are statistically different in codon usage than their coresident chromosomes
comes as no real surprise from the perspective of viewing plasmids as vehicles for gene
transfer.  However, all of the plasmids that we have observed show a relative
homogeneity in codon usage (≥ 50% of the genes match the mode of the replicon).  This
suggests that most of the genes in any given plasmid are drawn from a common pool.
Does this imply that they are more stable and less promiscuous than we originally
thought?  If that were so, why do we see little evidence of genes with chromosomal
codon usage being transferred to the plasmids in the same lineage?  This is particularly
puzzling given that the similarities between plasmids within a single host would also
suggest that these are not transient associations.  The question of maintaining distinct
codon usages seems simple in the case of abundant proteins versus "typical" proteins, but
it is hard to understand why there should be any uniformity among plasmid genes.  We
also note that systematic differences, such as the topological, and hence supercoiling,
differences between circular and linear replicons (as seen in the chromosomes of
Agrobacterium and the plasmids of Borrelia), are not accompanied by corresponding
differences in codon usage.
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Tables
Table 3.1.  Percentage of genes matching the modal codon usages of replicons in A.
tumefaciens C58.
Replicon CDS a Circular
chromosome
Linear
chromosome
pAt pTi
circular
chromosome 2765 62.2 61.4 34.9 30.0
linear chromosome 1851 61.2 62.3 32.5 27.6
pAt 542 26.8 30.1 64.4 61.3
pTi 197 20.8 24.4 55.3 59.9
a Number of coding sequences in the replicon.
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Table 3.2.  The distance between the modal codon usages of A. tumefaciens replicons.
Replicon 1 Replicon 2
Distance between
replicon modes
Distance between
shuffled replicons a
circular chromosome linear chromosome 0.062 0.035 ± 0.006
circular chromosome pAt 0.423 0.049 ± 0.009
circular chromosome pTi 0.469 0.068 ± 0.009
linear chromosome pAt 0.390 0.053 ± 0.012
linear chromosome pTi 0.430 0.069 ± 0.008
pAt pTi 0.106 0.067 ± 0.007
a Average ± standard deviation of distances between codon usage modes of simulated
replicons with a random partitioning of the combined set of genes.
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Table 3.3.  Percentage of genes matching the modal and average codon usages for the ten
bacterial and archaeal species with the most and least homogenous genomes. a
Organism CDS b Mode c Avg c
Most Homogeneous
Wigglesworthia glossinidia endosymbiont of Glossina brevipalpis 634 92.7 81.4
Buchnera aphidicola str. APS (Acyrthosiphon pisum) 585 88.7 80.5
Prochlorococcus marinus subsp. pastoris str. CCMP1986 1722 87.8 78.6
Rickettsia rickettsii 1288 87.6 78.9
Candidatus Pelagibacter ubique HTCC1062 1354 87.2 78.0
Nanoarchaeum equitans Kin4-M 538 87.2 77.5
Rickettsia typhi str. Wilmington 835 85.3 76.2
Wolbachia endosymbiont strain TRS of Brugia malayi 805 85.1 80.4
Rickettsia prowazekii str. Madrid E 855 84.7 78.0
Spiroplasma kunkelii CR2-3xd 2662 84.1 72.2
Least Homogeneous
Bacteroides vulgatus ATCC 8482 3894 26.5 23.9
Corynebacterium diphtheriae NCTC 13129 2343 27.0 21.4
Xylella fastidiosa Temecula1 2164 28.0 22.0
Bacteroides thetaiotaomicron VPI-5482 4832 28.6 26.1
Corynebacterium glutamicum ATCC 13032 2993 28.7 24.7
Neisseria meningitidis FAM18 2436 28.9 26.8
Bacteroides fragilis ATCC 25285 4232 29.5 27.6
Bifidobacterium longum NCC2705 1878 32.1 28.9
Desulfotalea psychrophila LSv54 3241 32.7 31.6
Neisseria gonorrhoeae FA 1090 2002 33.4 30.0
a When multiple strains of a species are available, only the most extreme is included.
b Number of coding sequences in genome (all replicons combined).
c Percentage of genes matching the modal or average codon usage for the entire genome
of that organism.
d Codons for tryptophan were excluded.
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Figures
Figure 3.1.  Gene-by-gene plot of the codon usage of A. tumefaciens C58.  From outside
to inside: circular chromosome, linear chromosome, pAt and pTi.  Each wedge represents
a gene.  Orange genes match the codon usage of the combined chromosomes, magenta
genes match the codon usage of the combined plasmids, teal genes match both the
chromosomes and plasmids, and black genes match neither.
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Figure 3.2. Neighbor-joining tree of codon usage of B. burgdorferi replicons containing
more than 30 genes.  Each tip in the tree represents the modal codon usage of a replicon,
genome, or set of genes (see text).  For each B. burgdorferi modal codon usage, the
modal codon usage of the three most similar genomes are also included to help visualize
the significant groupings.  The tree is shown arbitrarily rooted at its midpoint.  The
reference bar represents a codon usage distance of 0.1 (Materials and Methods).
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Chapter 4: Characterizing the Native Codon Usages
of a Genome: An axis projection approach
Abstract
Codon usage can provide insights into the nature of the genes in a genome.  Genes
that are "native" to a genome (have not been recently acquired by horizontal transfer)
range in codon usage from a low bias "typical" usage to a more biased "high expression"
usage characteristic of genes encoding abundant proteins.  Genes that differ from these
native codon usages are candidates for foreign genes that have been recently acquired by
horizontal gene transfer.  In this chapter we present a method for characterizing the codon
usages of native genes—both typical and highly expressed—within a genome.  Each gene
is evaluated relative to a half line (or axis) in a 59-dimensional space of codon usage.
The axis begins at the modal codon usage, the usage that matches the largest number of
genes in the genome, and it passes through a point representing the codon usage of a set
of genes with expression-related bias.  A gene whose codon usage matches (does not
significantly differ from) a point on this axis is a candidate native gene, and the location
of its projection onto the axis provides a general estimate of its expression level.  A gene
that differs significantly from all points on the axis is a candidate foreign gene.  This
automated approach offers significant improvements over existing methods.  We
illustrate this by analyzing the genomes of Pseudomonas aeruginosa PAO1, and Bacillus
anthracis A0248, which can be difficult to analyze with commonly used methods due to
their biased base compositions.
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 Introduction
Most genomes are heterogeneous in codon usage due to the presence of highly
expressed genes (encoding abundant protein products) and/or foreign genes (acquired by
the genome via horizontal gene transfer) (e.g., Grantham et al. 1981; Médigue et al.
1991).  The native genes of a genome span a continuum of codon usages ranging from
that of weakly biased “typical” genes (e.g., Grantham et al. 1980a,b) to that of highly
biased “high expression” genes (e.g., Post et al. 1979; Grantham et al. 1981; Ikemura
1981a,b; Médigue et al. 1991).  Although the codon usages can differ between genomes,
this expression-related trend is a characteristic of most genomes, and many methods of
codon usage analysis have been devised to characterize genes based on their adherence to
this trend (e.g., Bennetzen and Hall 1982; Gribskov et al. 1984; McLachlan et al. 1984;
Sharp and Li 1987).
The Codon Adaptation Index (CAI) (Sharp and Li 1987) is the most commonly
used method for characterizing the codon usages of genes in a genome.  In the CAI, the
codon usage of each gene is compared to an "optimal" codon usage, which is inferred
from a hand-selected high expression gene set.  The more closely the codon usage of a
gene matches this optimal codon usage profile, the higher its CAI value.  The appeal of
the method is that it is straightforward, and it provides a ranking of genes from those that
have the most bias (look most highly expressed) to those that have the least.  However,
because this characterization is 1-dimensional, the method has limited ability to
distinguish native genes with low CAI values from foreign genes.
Karlin and Mrázek (2000) devised a method that circumvents this problem.  They
define the typical codon usage of a genome as the average codon usage of its genes.
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They also define three categories of high expression codon usage based on the average
usages for each of three sets of genes that include ribosomal proteins, transcriptional and
translation processing proteins, and chaperones.  If a gene is sufficiently similar to the
genome-wide average and sufficiently different from the high expression usages, then it
is called a typical gene.  If it is sufficiently similar to 2 out of the 3 categories of high
expression genes and sufficiently different from the average of the genome, then it is
called a high expression gene.  All other genes are considered to be foreign.  Despite its
clear advantage in distinguishing typical and foreign genes, the Karlin and Mrázek
method is far less popular than the CAI for at least two reasons.  First, it does not provide
a quantitative estimate of the expression level.  Second, for each genome, the user must
identify the genes belonging to each of the three high expression gene sets prior to the
analysis.
In Chapter 2, we defined the modal codon usage of a genome as the codon usage
that matches (is not significantly different from) the largest number of genes (Davis and
Olsen 2009).  In this study, we describe a method for integrating this with the codon
usages of more highly expressed genes.  The method defines "native" codon usage as a
continuum of potential codon usages that starts at the modal codon usage of the genome
and extends through (and beyond) the modal codon usage of a set of (candidate) highly
expressed genes.  Unlike current methods, the identification of candidate highly
expressed genes in a new genome is fully automated, and does not rely on genome
annotations.  The subsequent characterization of an individual gene is based on whether it
is statistically similar to any native codon usage, and, if so, which level of expression best
matches its codon usage.  We describe the method using the well-characterized genome
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of Escherichia coli K-12, and then apply the analysis to Pseudomonas aeruginosa PAO1
and Bacillus anthracis A0248 to demonstrate its effectiveness in genomes with biased
base compositions.
Materials and Methods
Gene and Protein Sequences
Unless otherwise indicated all coding sequences, protein sequences, and protein
annotations are taken from the National Center for Biotechnology Information (NCBI)
bacterial genome ftp site (ftp://ftp.ncbi.nih.gov/genomes/Bacteria/).
Modal Codon Usage
The following is a brief outline of the concepts and methods; details are provided in
Davis and Olsen (2009).  The modal codon usage of a set of genes is defined as the
expected codon usage that matches the largest number of genes.  To minimize the
influence of amino acid composition, codon usage frequencies are normalized for each
amino acid (a form of relative codon usage).  A gene is said to match a codon usage if its
observed codon usage is not significantly different (P ≥ 0.1) in a chi-square test (41
degrees of freedom, unless the gene lacks some amino acids).  To estimate the modal
codon usage of a set of genes, we use a continuous approximation of the number of genes
matching a set of expected codon usage frequencies, and a simplex search in the 59-
dimensional space codon usage frequencies (61 sense codons, minus the codon
frequencies for Met and Trp, which are always 1).
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Native Codon Usage
We use the term native codon usage to describe the typical and high expression
codon usages of a genome.  These genes range from low to high levels of expression-
linked bias.  In our 59-dimensional space of codon usage frequencies, we represent native
codon usage as a half line beginning at the modal codon usage of the genome (f0) and
extending through a point representing a high expression codon usage (f1).  In a
parametric representation of this line, which is related to that of Kloster and Tang (2008),
we specify the expected codon usage frequencies f(x) as a function of "expression level"
x (–∞ ≤ x ≤ ∞).  Letting fi(x) be the expected frequency of codon i at x, we define
     
€ 
fi(x) = wi(x) / w j (x)j∈si∑                                                                            (Eq. 1),
     
€ 
wi(x) = f0i exp(kix)                                                                                      (Eq. 2),
     
€ 
ki = ln( f1i / f0i)                                                                                              (Eq. 3),
where si is the set of codons for the amino acid encoded by i (i.e., the set of synonymous
codons that includes i), f0i is the frequency of codon i in the modal codon usage, and f1i is
the frequency of codon i in a high expression codon usage.  The vector w(x) is the
unnormalized preference for each codon as a function of expression level.  Eq. 1
normalizes these values for the codons of each amino acid, so that 0 ≤ fi(x) ≤ 1, and the
codon frequencies of each amino acid sum to 1.  Eq. 2 causes the relative preference for
codon i to vary (up or down) exponentially with expression level, and sets the preference
for codon i at x = 0 to f0i [so f(0) = f0].  Kloster and Tang (2008) point out that Eqs. 1 and
2 constitute a partition function, in which each codon responds to a pressure (in our case,
expression level) with its own characteristic sensitivity ki.  Finally, Eq. 3 defines this
response of each codon in terms of the ratio of its frequency in the highly expressed
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genes to its frequency in typical genes, so that f(1) = f1.  There is no absolute scale to x;
the scale depends on the set of genes used to define f1.
To evaluate whether a gene matches the native codon usage, we use a combination
of grid search and divide and conquer strategies to find the value of x and corresponding
expected codon frequencies f(x) from which the gene differs least significantly.
Although the mathematical domain of x includes negative values, we define native codon
usages as the values of f(x) for x ≥ 0.  Thus, if the optimal value of x is negative, the value
is reset to 0 and the match to the codon usage frequencies is reevaluated.  The genes that
do not differ significantly (P ≥ 0.1, or other P-value, when appropriate) from their best
matching point on the line are classified as matching native codon usage.
Projecting Highly Expressed Proteins to a New Genome
For a given reference genome (or set of diverse reference genomes), all of the “high
expression” protein sequences are included in a perl module (our default organisms for
this are E. coli K-12 substr. MG1655 and Methanococcus maripaludis S2).  The module
also includes a list of the identifiers of proteins considered to be highly expressed (see
Results).  Given the coding sequences of a new genome, we seek the genes that are
orthologous to the reference highly expressed proteins in two steps.  First, TBLASTN is
used to find the best match of each highly expressed protein in the new genome.  Then,
each of these best matches is used as a BLASTX query against the full protein set of the
reference genome (Altschul et al. 1997).  Those cases in which the best match is the same
as the original query are bidirectional best hits, and likely orthologs.  By default, the
following constraints are applied to the BLAST matches:  E-value ≤ 10–5, coverage of
query and subject sequences ≥ 70%, fraction sequence identity ≥ 20%, and fraction
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positive-scoring aligned residues ≥ 30%.  Because the first search includes only the
highly expressed proteins in the reference genome(s), all of the resulting bidirectional
best hits are candidate highly expressed genes in the new genome.  When the analysis is
carried out on DNA sequences that do not represent a genome, or are a very small
fraction of a genome, there will be few if any bidirectional best hits, and the analysis
terminates without estimating high expression codon usage (below).
Inferring High Expression Codon Usage from Candidate Highly Expressed
Genes
Since the goal is to improve the discrimination between the modal usage of the
genome and the high expression codon usage, before calculating the modal codon usage
of the candidate highly expressed genes, we identify and remove genes whose codon
usage matches (is not significantly different from, P ≥ 0.1) the modal codon usage of the
genome.  For the same reason that we use the modal codon usage (rather than the average
codon usage) to characterize the typical genes in a genome (f0 above), we use the modal
codon usage of the candidate highly expressed genes to minimize sensitivity to the
outlying genes in estimating high expression codon usage (f1 above).  With these values,
we can classify all genes based on their similarity to native codon usage (i.e., native gene
vs. foreign gene), and their x position (expression level) along the axis from typical to
high expression.
Iterative Refinement of Candidate Highly Expressed Genes
Because the estimation of high expression codon usage is based on a (potentially
small) fraction of the genes that are highly expressed in a given genome, we are
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interested in the behavior of iterative approaches to refining the estimate.  In outline, we
find the modal codon usage of the candidate high expression genes (above) at a relaxed
P-value (P ≥ 0.05).  The idea is that if the original estimate of high expression genes is
slightly in error, the new estimate may draw in genes that had been previously missed.
This new set of genes is then filtered for those whose x-value is ≥ 0.5.  That is, we screen
for genes that are closer to the current high expression estimate than to the modal codon
usage of the genome.  Finally, the list of candidate genes is limited to the 10% of the total
number of genes in the genome being evaluated, sorted from highest to lowest value of x.
These last two filters are both based on the value of x (the first on the absolute value, and
the later on the relative rank), so in any given case only one of them can be limiting.  The
resulting set becomes the new candidate highly expressed genes for the next estimate of
high expression codon usage.
Given a set of candidate high expression genes in a new genome, three outcomes
are distinguished, and handled differently.  If the new genome has little or no expression-
related codon bias, then the candidate highly expressed genes will also be a good match
to the overall genomic (modal) codon usage.  (1) If >80% of the candidate highly
expressed genes match the modal codon usage of the genome, we conclude that there is
little or no high expression bias, so the modal codon usage of all high expression
candidates is reported, and the analysis terminates.  Otherwise, the high expression
candidates that match the mode are removed, and (2) if ≥20 genes remain, the modal
codon usage of these remaining high expression candidates is determined as the first
estimate of high expression usage.  (3) If <20 candidate high expression genes remain,
then the analysis terminates without calculating a mode.  Generally, this last condition
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occurs when the data being analyzed are not a cellular genome, or an inappropriate
reference genome has been used.
If the number of original high expression candidate genes declines between
iterations by more than 20%, the iteration is cancelled and the previous high expression
mode is used to define the axis.  Here the rationale is that the high expression genes were
either too weakly biased, or their numbers were too small to prevent the axis from
drifting away from the genes with expression-related codon usage.  The iteration always
ends after a specified number of iterations have been performed (the default is 2).
Factorial Correspondence Analysis
Factorial Correspondence Analysis of the codon usages of all of the genes in a
genome was generated using the CODONW program (Peden 1999).  In all illustrations,
the projection shown is that defined by the first two axes.
Software Availability
The programs used to perform this work are written in perl and C. Several of the
analysis steps utilize multiple processors, if available.  They have been tested on PPC and
i386 Macintosh computers, under OS X 10.4 and 10.5, but should work in any Unix
environment.  They require that the formatdb and blastall (Altschul et al. 1997) programs
be installed.  The programs are provided as electronic files (Appendix A) and are also
available for download at: http://www.life.illinois.edu/gary/programs.html.
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Results and Discussion
Our Concept of Native Codon Usage and the Algorithm for Finding It
We have previously described our concept of modal codon usage as the codon
usage that represents that largest number of genes in a genome.  In many genomes, genes
for abundant proteins (high expression genes) have a distinct codon usage.  In practice,
there is a continuum of genes with codon usages ranging from typical to the most highly
expressed.  We model this by a half-line (or axis) in a 59-dimensional codon usage space
(Materials and Methods).  The line begins at the modal codon usage, and it extends
through the codon usage of a set of highly expressed genes.  Due to the mathematical
properties of codon usage, we use a parametric representation of the line, similar to that
of Kloster and Tang (2008; Materials and Methods), so the line is not straight.  Thus, we
define a function f(x) whose value is the expected codon usage at position x along the
axis.  The function is defined so that x = 0 at the beginning of the half line [thus, f(0) is
the modal codon usage] and x = 1 at the codon usage of the set of highly expressed genes.
Given this framework, for each gene we ask which position along the axis (at which
value of x, constrained to x ≥ 0) does the expected codon usage best match (least
significantly differ from) the codon usage of the gene.  If the gene is not significantly
different from the codon usage at that x-value, we say it matches the native codon usage,
and the value of x provides a measure of how much it looks like a highly expressed gene.
If the gene is significantly different from all codon usages along the axis, then it is a
candidate for a foreign gene.
In general, the procedure we use for inferring the native codon usages of a genome
can be summarized as:  (1) find the modal codon usage of the genes in the genome; (2)
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identify a set of candidate highly expressed genes by finding the bidirectional best hits to
highly expressed proteins from one or more reference genomes; (3) remove from the
candidate high expression genes those that are too similar to the genome mode, and find
the modal usage of the remaining genes; (4) terminate if a stopping condition has been
reached; and (5) otherwise, produce a new set of candidate highly expressed genes and go
back to step 3.  Calculation of the modal codon usage has been described previously
(Chapter 2; Davis and Olsen 2009).  The identification and refinement of candidate
highly expressed genes is covered in more detail in the following sections.
Defining a Set of Highly Expressed Genes in E. coli K-12
Our overall strategy for analyzing a new genome includes the projection (by
bidirectional best hits) of highly expressed genes from a reference genome to the new
genome.  Because it is so well characterized, we started with E. coli as the default
reference.  The ribosomal protein genes provide good examples high expression codon
usage in E. coli, and are among the genes most commonly used for representing high
expression in current methodologies (e.g., Sharp and Li 1987; Karlin and Mrázek 2000).
However, ribosomal proteins tend to be small (hence they provide a noisy sample of
codon usage) and are limited in number.  In Table 4.1, we consider several alternative
gene sets for representing the codon usage of highly expressed genes.  In each case we
use the gene set to provide an estimate of a high expression codon usage, and use this
along with the genomic modal codon usage to define a native codon usage axis.  The
table shows the total number of genes matching the corresponding axis (limited to x ≥ 0).
The number of matching genes ranges from 2402 to 2565.  Encouragingly, 2306 of the
matching genes are common to all five sets (table 4.1, column 3), though most of these
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also match the genome mode.  To focus on the highly expressed genes, we compare the
415 genes (10% of the genes in the genome) whose projections on the axis have the
highest value of x.  Of these, 225 are held in common.  These data indicate that different
starting codon usages provide similar, but not identical, predictions of high expression
genes.
We were interested in exploring strategies that might converge upon a common
estimate in spite of the diverse starting points.  The basic strategy was an iterative
refinement procedure.  The idea was to generate a new set of candidate high-expression
genes that are close to the current axis, and then take the modal codon usage of these.
We first selected the set of genes that match the axis at a reduced stringency, P ≥ 0.05
(rather than our usual P ≥ 0.1).  We then reduced this to the 415 genes (10% of the
genome) with the highest x-values.  This allows us to gather additional highly expressed
genes that we may have missed in our previous estimate.  We then used the modal codon
usage of this gene set as our new representation of highly expressed genes, thereby
reorienting our native codon usage axis.  In the case of the E. coli genome, this increases
the number of matching genes, and makes the matching gene sets more uniform.  After 3
iterations, the native gene sets are nearly identical—between 2588 and 2600 genes match
the native set in each case, and 2563 of these genes are held in common in all 5 sets
(Table 4.1, last column).  After the third iteration, 381 (out of 415) of the highest
expression genes are shared among all five sets.  These results suggest that in an
organism with a large amount of expression-linked codon bias, our approach to refining
the estimate of high expression codon bias is robust.
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The net result of this analysis is shown in Figure 4.1.  The figure displays all of the
genes in the E. coli K-12 genome, separated by their positions on the first two axes of a
factorial correspondence analysis (FCA) plot of relative codon usage (Materials and
Methods).  Genes that match the native codon usage axis are colored according to the
colors of the visible spectrum by the position at which they project on the axis, from
violet (x = 0) to red (x ≥ 3).  Genes that do not match the native codon usage are colored
light gray.  The figure clearly distinguishes the major features previously noted in similar
analyses of E. coli codon usage (Médigue et al. 1991; Badger 1999):  a “rabbit’s head”
shape with the head representing typical native genes (green through violet), an ear
composed primarily of highly expressed genes (yellow through red), and an ear
composed of foreign genes (gray).
Characterizing Native Codon Usage in Other Organisms
The above results indicate that we have a robust and relatively impartial method for
selecting a native gene set in E. coli, and assessing the expected expression level.  We
want to expand this analysis to study other genomes.  The first step, using modal codon
usage to represent the typical genes, is straightforward.  The second step, picking
candidate genes to represent high expression codon usage, is more subtle.  Previous
studies have done so on the basis of annotation (e.g., Sharp and Li 1987; Karlin and
Mrázek 2000).  This relies upon having a list of protein names (functions) that are likely
to be highly expressed, having accurate annotations for the genes in the new genome, and
finding the annotations in the new genome that correspond to those in the highly
expressed list, and then analyzing these genes for codon usage.  We propose to bypass all
of the annotation-based steps.  Instead, we use sequence similarity searches (bidirectional
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best hits) between the high expression genes of a reference genome(s) and the genome of
interest in order to identify candidate highly expressed genes.  The modal codon usage of
these candidate high-expression orthologs is used as our initial estimate of high
expression codon usage.  In the previous section, we offered a detailed portrait of
developing a high expression gene set for E. coli, and we have found that this set
provides a good reference for all bacterial genomes that we have tested.  We have
performed a similar analysis of the Methanococcus maripaludis S2 genome, and we have
found that this provides a good reference for all archaeal genomes that we have tested
(J.J.D and G.J. Olsen, unpublished observation).  Our default reference "genome" is a
concatenation of these two data sets.
In the analysis of E. coli highly expressed genes (above), we explored the utility of
iterative refinement of the estimate of high expression codon usage.  In such genomes,
the high expression usage is sufficiently distinct from that of other genes that the process
converges on a common set of genes in spite of variations in the starting gene set.  By
default, our program attempts to do this for each new genome in which ≥20% of the
candidate highly expressed genes differ from the modal codon usage, subject to several
tests to minimize the chance that the process is drifting from high expression bias to some
other bias that is common in the genome (Materials and Methods).
Native Codon Usage in Genomes with Base Compositional Bias
Previous studies have also recognized the problems associated with hand selecting
potential high expression genes, and methods have been devised that iterate the CAI as a
hands-free approach in order to find the most highly expressed genes in a genome
(Carbone et al. 2003; Puigbò et al 2007).  However, in genomes that are A+T or G+C
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rich, unsupervised application of the CAI can fail.  A good example of this effect comes
from studies of Pseudomonas aeruginosa, which has a genomic G+C content of 66%
(Gupta and Ghosh 2001; Grocock and Sharp 2002).
To test the robustness of our approach, we calculate the native codon usage in P.
aeruginosa PAO1.  We start by illustrating the correspondence between P. aeruginosa
genes and their orthologs in E. coli K-12.  Figure 4.2 displays all of the genes in P.
aeruginosa separated by their positions on the first 2 axes of an FCA plot.  Each gene
with a bidirectional best hit to an E. coli gene is colored the same as the corresponding E.
coli gene in Figure 4.1; genes without orthologs are colored gray.  Grocock and Sharp
(2002) observed that P. aeruginosa genes separate on the first axis of the correspondence
analysis plot by G+C content, and on the second axis by expression bias.  In Figure 4.2,
we see that the P. aeruginosa genes with E. coli orthologs are distributed along the
second axis, and that 2nd axis position is well-correlated with position of the
corresponding E. coli gene axis position, as reflected in gene colors (e.g., red genes group
with red, orange with orange etc.).  This is true even though the high expression codons
differ between E. coli and P. aeruginosa.
Next we calculate an axis that is specific to the P. aeruginosa native genes by
generating the mode of the genome, and then calculating the mode of the genes that are
orthologous to the E. coli high expression genes.  We then iterate as we did in Table 4.1.
After 2 iterations, very little change is observed in the number of genes matching the
axis.  Genes are then colored based on axis position, and those that are native are
projected onto a correspondence analysis plot.  A clear continuum of genes is observed,
and very few low G+C genes in the extreme right end of the first axis of the FCA plot
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match our native codon usage axis (Figure 4.3).  In fact, the genes matching our native
codon usage axis highlight the limitations of the correspondence analysis—the most
highly expressed genes appear in a hook-shaped pattern—and thus, the high expression
genes in P. aeruginosa are not easily predicted from the correspondence analysis alone.
This indicates that the high G+C content of P. aeruginosa that has confounded previous
methods (e.g., Sharp and Li 1987; Carbone et al. 2003) does not confound our analysis.
As a final example, we apply this analysis to the genome of Bacillus anthracis
A0248.  B. anthracis has an A+T rich genome (65% A+T), and has very little codon
usage variation between genes (as exhibited by its amorphous correspondence analysis
pattern).  We repeat the above analysis, and find orthologs with E. coli.  Most of the
orthologs are high expression (red and orange from Figure 4.1) genes in E. coli (Fig 4.4).
As was the case with P. aeruginosa, preferred codons have changed, but the relative plot
position (bias) of the genes appears to be relatively conserved—the orthologs of the red
and orange genes from E. coli group near the right end of the first axis.
 Next we calculate an axis that is specific to the B. anthracis native genes as we did
for P. aeruginosa.  We then color the genes by axis position and plot them using
correspondence analysis (Fig 4.5).  Again we observe a clear continuum of genes.  Thus,
this method works well for characterizing expression-related codon usage bias in
genomes with relatively extreme base compositions.
Genomes with Very Little Expression-Related Codon Usage Bias
In the examples presented—E. coli, P. aeruginosa, and B. anthracis—there is
detectable high expression codon usage bias, and these genes match a profile that is
distinct from the other genes in the genome.  However, some genomes, particularly those
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of endosymbionts and parasites, are nearly uniform in codon usage.  These genomes may
contain genes with expression-related bias, but the overall signal that they provide
relative to the other genes in the genome is too weak for the iterative search for high
expression genes.  In these cases, we recommend calculating the axis from the orthologs
and omitting the search for additional high expression genes.  Our software defaults to
this when >80% of the high expression gene candidates match the modal codon usage of
the genome (Materials and Methods).
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Table
Table 4.1.  Iterative development of a high expression gene set in E. coli K-12.
Iterations
Initial high expression
codon usage estimate
Number
of genes
Matching
genes a 1 2 3
ribosomal protein genes (mode) 55 2325 2450 2495 2517
ribosomal protein genes (average) 55 2385 2484 2502 2518
CAI genes (average) b 27 2435 2500 2521 2519
aa-tRNA synthetase genes (average)
(average)
22 2488 2518 2519 2515
rpoB gene 1 2356 2522 2520 2515
Comparison of matching gene sets c:
genes in any set (union) 2609 2602 2574 2555
genes in at least 3 of 5 sets 2405 2500 2525 2521
genes in all sets (intersection) 2166 2369 2430 2471
Comparison of 415 matching genes with highest x-value d:
genes in any set (union) 665 512 474 451
genes in at least 3 of 5 sets 395 414 418 415
genes in all sets (intersection) 224 318 355 379
a Genes matching the axis that intersects the mode of the genome and the original high
expression codon usage from the first column.  Genes that do not match the mode and
have negative X-values are excluded.
b Genes used to define optimal codons in CAI analysis (Sharp and Li 1986).
c Generated by combining the native genes in each column.
d Top 10% of the genes in the genome (415 genes) with highest x-values for each column.
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Figures
Figure 4.1.  Factorial correspondence analysis plot of E. coli K-12.  Each plot point
represents a gene.  This is a projection from the 59-dimensional space of codon usage to a
2-dimensional plot, and genes with similar codon usage group together.  Genes are
colored based upon axis position (x-value) based upon the colors of the visible spectrum,
with red genes having the highest expression-related codon usage bias and violet genes
having the least.  Genes that are likely to be foreign are colored grey.
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Figure 4.2.  Factorial correspondence analysis plot of P. aeruginosa PAO1.  Each plot
point represents a gene.  This is a projection from the 59-dimensional space of codon
usage to a 2-dimensional plot, and genes with similar codon usage group together.  Genes
that are orthologous to those in E. coli K-12 are colored based upon E. coli axis position
from Figure 4.1.
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Figure 4.3.  Factorial correspondence analysis plot of P. aeruginosa PAO1.  Each plot
point represents a gene.  This is a projection from the 59-dimensional space of codon
usage to a 2-dimensional plot, and genes with similar codon usage group together.  Genes
are colored according to P. aeruginosa axis position (x-value) based on the colors of the
visible spectrum, with red genes having the highest expression-related codon usage bias
and violet genes having the least.  Genes that are likely to be foreign are colored grey.
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Figure 4.4.   Factorial correspondence analysis plot of B. anthracis A0248.  Each plot
point represents a gene.  This is a projection from the 59-dimensional space of codon
usage to a 2-dimensional plot, and genes with similar codon usage group together.  Genes
that are orthologous to those in E. coli K-12 are colored based upon E. coli axis position
from Figure 4.1.
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Figure 4.5.  Factorial correspondence analysis plot of B. anthracis A0248.  Each plot
point represents a gene.  This is a projection from the 59-dimensional space of codon
usage to a 2-dimensional plot, and genes with similar codon usage group together.  Genes
are colored based upon B. anthracis axis position (x-value) based on the colors of the
visible spectrum, with red genes having the highest expression-related codon usage bias
and violet genes having the least.  Genes that are likely to be foreign are colored grey.
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Chapter 5: Using modal codon usage to compare
genomes: A characterization of vertically and
horizontally acquired genes*
Abstract
In the earlier chapters of this dissertation, we describe methods for whole-genome
codon usage analysis that facilitate the identification of "typical" genes and "high-
expression" genes. These genes are mostly acquired by vertical inheritance, and are
adapted to the overall genomic codon usage that is appropriate for their expression level.
However, genes that have been recently acquired by horizontal gene transfer usually do
not match these codon usages.  In this chapter, we compare the codon usages of "typical",
"high-expression" and "alien" genes in the genomes of Escherichia coli and Salmonella
enterica.  We start this analysis by finding groups of genes within each genome matching
sequential modes (i.e., we calculate the [first] mode of the genome, remove the matching
genes, then calculate a second mode from the remaining genes etc.).  In these organisms,
we find that the first mode matches "typical" genes (by definition), the second mode
matches alien genes, and the third mode matches high-expression genes.  By comparing
the corresponding modes between E. coli and S. enterica, we discover that the second
modes (alien genes) are more similar than either the first or third modes (typical or high
                                                 
*This chapter contains a summary of ongoing work that is a co-first authorship
collaboration with Katherine Karberg, a fellow Microbiology Ph.D. student in the Olsen
Lab.  Portions of this work have been submitted for publication, and additional analyses
will appear in Katherine’s Ph.D. dissertation.
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expression genes).  A more direct method of categorizing genes as vertically inherited
versus recent horizontal acquisitions increases the observed trend; between these species,
the codon usage of the recently acquired genes are more similar than the codon usages of
vertically inherited genes.  We also observe a similar trend when we compare sequenced
Agrobacterium biovars: the modal codon usages of the plasmids are more similar
between biovars than the modal codon usages of the chromosomes.  The simplest
interpretation of these results is that the frequency and phylogenetic range of horizontal
gene transfer (in the sense of non-homologous gene transfer) is sufficient to create an
effective gene pool of "alien" genes that exceeds species boundaries.
Introduction
In most genomes, there is considerable codon usage variation between genes.  In
some cases, the codon usage of a gene is the result of selection for efficient cellular
processes.  There are two major examples of this phenomenon in the literature.  The first
is high expression codon usage bias—this is a codon usage profile that has evolved in
genes encoding abundant protein products (e.g., Post et al. 1979, 1980; Grantham et al.
1981).  The codon usages of these high expression genes reflect the most abundant
charged tRNA molecules found within a cell (Ikemura 1981a,b).  It is thought that the
nearly exclusive use of the most abundant charged tRNA molecules results in more
efficient translation and thus greater protein abundance (Grantham et al. 1981; Ikemura
1981a,b; Gouy and Gautier 1982; Grosjean and Fiers 1982).  The second example is the
preference for rare codons within amino acid biosynthesis genes (Elf et al. 2003).  When
a cell encounters amino acid starvation conditions, the pools of charged tRNA species for
the most commonly used codons become depleted, but the charged tRNA species that are
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cognate to the rarely occurring codons remain at relatively constant concentrations.  The
genes encoding proteins involved in the biosynthesis of an amino acid are enriched in
rare codons for the amino acid to be synthesized, facilitating expression under starvation
conditions (Elf et al. 2003; Dittmar et al. 2005).
Another major source of codon usage heterogeneity within a genome comes from
genes that have been acquired via horizontal gene transfer (e.g., Médigue et al. 1991).
These genes can be drawn from diverse donor organisms and often exhibit diverse codon
usages.  After a foreign gene has been acquired by genome, it is thought that it
accumulates mutations over time, drifting toward the recipient’s codon usage (Lawrence
and Ochman 1997).  Thus, in a genome where gene acquisitions have occurred regularly
throughout its history, foreign genes present a continuum of codon usages from typical
(ancient acquisitions) to atypical (recent acquisitions).
Codon usage can also be indicative of major compositional differences within a
genome, and there are documented cases in which genomes or replicons can have bi- or
multi-modal codon usages (e.g., McInerney 1998; Wang and Hickey 2007).  An excellent
example of this is the chromosome Borrelia burgdorferi in which the codon usages of
genes found on the leading strand of DNA replication are statistically different than the
genes found on the lagging strand (McInerney 1998).  In recent work, using our modal
codon usage algorithm, we found that the first and second modes of the B. burgdorferi
chromosome corresponded with the leading and lagging strands of DNA replication
(Davis and Olsen 2009).  The reason that this strand-related bias exists in some
organisms, but not others, is poorly understood.
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In previous chapters we focused on studying the compositions of individual
genomes, but we have not yet explored the utility of the mode as a tool for comparing
genomes.  In this chapter we focus on understanding similarities and differences in
genome content that have arisen among vertically inherited versus horizontally acquired
genes.  We begin this analysis by comparing members of the well-studied
Enterobacteriaceae, and then extend this analysis to Agrobacterium and Methanosarcina.
Materials and Methods
Genomic data
Unless otherwise stated, genome sequences and coding regions taken from the
NCBI Entrez system (Wheeler et al. 2007).  Data for Escherichia coli str. K-12 substr.
MG1655, and Salmonella enterica subsp. enterica serovar Typhimurium str. LT2 were
retrieved in January of 2009.  Data for Escherichia coli strains APEC 01, C ATCC 8739,
CFT073, O157:H7 EDL933, W3110; and Salmonella enterica subsp. enterica serovars
Choleraesuis str. SC-B67, Dublin str. CT_02021853, Paratyphi A str. AKU_12601,
Typhi str. Ty2 and Typhimurium str. LT2 were retrieved in July of 2009.  Data for
Agrobacterium tumefaciens C58, A. vitis S4, A. radiobacter K84, Methanosarcina
acetivorans C2A and M. mazei Gö1 were also retrieved in July of 2009.
Definition of orthologous genes
Genes in two genomes were considered to be orthologous if they were found to be
bidirectional best hits using BLASTP (Altschul et al. 1990).  Two genes were considered
to be bidirectional best hits if they were each other’s best match between the two
genomes being compared, had at least 80% amino acid sequence identity, and matched
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over at least 80% of the protein length.  These stringent parameters were used due to the
close phylogenetic relationship of the genomes being compared.
Sequential extraction of codon usage groups
For a given genome, the modal codon usage was determined and the matching
genes were identified as in Chapter 2 and Davis and Olsen (2009). For the comparison of
a gene to a particular codon usage, we consider a chi-square P-value ≥ 0.1 to be a match.
The next mode was then calculated from the remaining (unmatched) genes.  This process
was repeated for 5 modes. For a perfectly homogeneous genome, and a P-value cutoff of
0.1, 7–10% of the genes will be significantly different by chance (Chapter 2; Davis and
Olsen 2009).  To decrease the chance that large genes would fail the chi-square test, we
scaled the chi-square value of genes with more than 300 codons by 300/N (where N is the
number of codons) before computing the significance of a match.
Identification of shared versus unique genes
We defined “shared” E. coli and S. enterica genes as the pairs of orthologous genes
(i.e., bidirectional best hits, defined above) between E. coli O157:H7 EDL933 and
Salmonella enterica subsp. enterica Typhimurium str. LT2.  We defined the set of genes
“unique” to a given E. coli strain as those genes without an ortholog in any of the 4 other
strains.  Similarly, we defined the genes unique to a given Salmonella serovar as those
genes without an ortholog in any of the 4 other serovars.  The comparison of M.
acetivorans to M. mazei was performed as above except that genes were considered to be
shared if they were each other’s best matching gene in both genomes, had at least 70%
amino acid sequence identity and matched over at least 70% of the protein length.
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Distances between modal codon usages
All distances between codon usages were calculated as described in Chapter 2 and
Davis and Olsen (2009).  A neighbor-joining distance tree was calculated using the
neighbor program in the PHYLIP package (Felsenstein 1989).  For the comparison of the
Agrobacterium spp., a mode was generated for all of the chromosomally-encoded genes
and plasmid-encoded genes within a genome.  In this analysis we consider the 2.65-Mbp
replicon of A. radiobacter K84 to be a chromosome.
Results
Sequential extraction of codon usage sets in the E. coli and S. enterica
In Chapter 2 when we characterized the B. burgdorferi chromosome, we found that
the mode of the chromosome corresponds primarily with genes on the leading strand of
DNA replication, and the second mode generated from the remaining unmatched genes,
corresponds primarily with lagging strand genes (see also Davis and Olsen 2009).
Although the modal codon usage of a genome provides a good definition of the “typical”
codon usage, the biological significance of higher-order modes varies from organism to
organism.  The present investigation began with the question, “What are the biological
correlates of higher-order modes in the Enterobacteriaceae?” To explore this, we
examined the genomes of Escherichia coli K-12 MG1655 (K-12) and S. enterica subsp.
enterica serovar Typhimurium LT2 (LT2).
For K-12 and LT2, we calculated the modal codon usage of the genome.  The genes
matching this mode are considered to be the mode 1 set.  We then removed these genes
and calculated the modal codon usage of the remaining genes.  The genes matching this
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mode are considered to be the mode 2 set.  This procedure was repeated to find the genes
matching the first 5 modes of each organism (Table 5.1).  Our determination of gene sets
is greedy.  None of the genes of a set will match any previous mode, but it is possible that
genes matching a previously determined mode also match one or more subsequent
modes.  For example, in E. coli K-12, 43% of the mode 1 genes also match mode 2, and
29% of the mode 1 genes also match mode 3.  These overlapping genes are always
assigned to the group corresponding to the first (lowest numbered) mode that they match.
In this analysis, we are interested in genes that are similar in codon usage per se.  In the
case of particularly large genes, even a small difference in codon usage can be significant
(although we do not want it to be).  To minimize this effect, we scale the chi-square value
of genes with more than 300 codons by 300/N (where N is the number of codons) before
computing the significance of a match (Materials and Methods).  This results in a larger
number of genes matching the first mode of the E. coli genome than what is observed in
Chapter 2 and Davis and Olsen (2009).  When this analysis was repeated without scaling
the chi-square, the number of matching genes differed, but the observed trends did not
(data not shown).
The genes matching mode 1 constitute the majority of genes in their respective
organisms (64.9% of K-12 genes, 65.7% of LT2 genes), and represent what we
commonly refer to as the “typical” codon usage of the genome (Table 5.1).  The second
modes match 8.8% and 10.3% of the genes in the K-12 and LT2 genomes respectively.
The third modes match 8.5% and 5.7% of the genes in the K-12 and LT2 genomes
respectively.  From this point, the remaining sets from each organism (modes 4 and 5)
become very small, matching less than 2% of the genes in each genome.  This leaves 665
132
genes in K-12 and 746 genes in LT2 not matched by a mode.  We consider these
remaining genes to be disparate in codon usage.
To provide an initial characterization of these gene sets we determined their average
G+C content, their average protein length, the number of ribosomal proteins, and
percentage of genes with an ortholog in the other genome (Materials and Methods)
(Table 5.1).  The genes matching the first mode have been studied in detail previously
(Chapters 2 and 3; Davis and Olsen 2009).  These sets are similar in base composition
and protein length to their respective genomic averages.  Most of these genes are shared
between K-12 and LT2, and these sets contain several ribosomal proteins.
In contrast, the genes matching mode 2 in K-12 and LT2 contain no ribosomal
proteins and include very few shared genes.  They are also systematically shorter, and
lower in G+C content.  We observe many genes annotated as “hypothetical” and
“putative” proteins, as well as plasmid and prophage genes (J.J.D. K. A. Karberg and G.J.
Olsen, unpublished observation).  In short, they are excellent candidates for foreign
genes.  Surprisingly, even though these genes are likely to have been horizontally
acquired, within each genome they collectively match a common codon usage, that is,
they display remarkable homogeneity in spite of their potentially diverse histories.  We
do not think that this clustering is an artifact; our method is not adversely influenced by
G+C content (Figure 2.5 and Table 2.6) or gene length (Table 2.7).  Furthermore, the
characteristics of these foreign genes have been described previously (e.g., Médigue et al.
1991; Daubin and Ochman 2004), and they cluster in multivariate analyses of codon
usage (e.g., Médigue et al. 1991; Badger 1999; Figure 2.4), indicating their similarity.
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The mode 3 gene sets correspond with high-expression genes.  They are enriched in
ribosomal protein genes, and nearly all of them are shared between K-12 and LT2.  Most
are annotated as proteins that are known to be abundant.  As noted in Chapter 4, the many
ribosomal proteins not matched reflects the fact that a single “point estimate” of high
expression codon usage (as represented by mode 3 in these data) is not sufficient to cover
the continuum of high expression genes.
We have not observed relationships between the annotations of the genes
comprising the remaining codon usage sets; however, the analysis of these groups is
incomplete.
In these two genomes, the gene sets matching the second and third modes have well
defined biological significance.  These results reflect earlier multivariate studies of E. coli
and S. enterica codon usage (Médigue et al. 1991; Badger 1999; Mondal et al. 2008),
which clearly show large distributions of typical, high expression, and alien genes in
these genomes.  However, this is not applicable to all genomes; as the magnitude of high
expression codon usage bias or the number of alien genes varies, the biological properties
associated with higher-order modes can change, as was observed in the case of B.
burgdorferi (Chapter 2; Davis and Olsen 2009).
How similar are the codon usage sets of K-12 and LT2?
The first three modes of the K-12 and LT2 genomes roughly correspond with genes
that are (i) vertically inherited typical genes, (ii) horizontally acquired foreign genes, or
(iii) vertically inherited high expression genes.  To gain an understanding of how these
codon usages have evolved following the divergence of the E. coli and S. enterica, we
have analyzed them in more detail.
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To assess the similarity between codon usage sets, we determine the number of
genes in each gene set matching the corresponding mode in the opposite organism (Table
5.2).  The major surprise in these data is that the mode 2 genes of K-12 overwhelmingly
match the LT2 mode 2 codon usage (71%), and vice versa (88%).  This is surprising
because fewer than 20% of these genes have orthologs in the opposite organism (Table
5.1).  Thus, although the genes differ, it appears that many of the K-12 and LT2 foreign
genes are drawn from a common codon usage pool that is distinct from the genomic
codon usage.  This high degree of codon usage conservation is also surprising because
the mode 2 set contains a higher percentage of matching genes than the mode 3 set, even
though >90% of the mode 3 genes are orthologs (Table 5.1).
To ensure that the above result is related to the codon usages of each group, and not
our method of matching genes, we computed the distances between corresponding modal
codon usages (last column of Table 5.2).  The distance between the K-12 and LT2 mode
2 codon usages is the smallest observed (0.153), reaffirming our above results, and
indicating that this “foreign” codon usage is the most strongly conserved.  The mode 3
(high expression) codon usages are also the most distant (0.247).  This indicates that there
has been considerable codon usage divergence of this group of vertically inherited genes.
Direct comparison of vertically and horizontally acquired genes in E. coli
and S. enterica
The above results suggest that alien genes (mode 2) in K-12 and LT2, are more
similar in codon usage than the typical (mode 1) and high expression (mode 3) genes.  At
this point, we need to ensure that these results are directly related to the evolution of
these gene sets, and are not an artifact stemming from our partitioning of genes into these
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sets.  That is, we sought a method to partition the genes into sets that does not in any way
depend on their codon usage.  To accomplish this, we compare the modal codon usages
of vertically inherited genes (defined as genes that are orthologous between E. coli and S.
enterica), to the modal codon usages of recently horizontally acquired genes (defined as
genes that are unique to a single E. coli strain or S. enterica serovar) (Materials and
Methods).
We selected the genomes of 5 Escherichia coli and 5 Salmonella enterica
strains/serovars that represent diverse niches/etiologies, and thus were good candidates
for having distinct foreign gene pools (Materials and Methods).  To define sets of genes
that are most likely to have been vertically inherited, and hence accurately portray the
evolution of intragenomic codon usage, we selected E. coli O157:H7 str. EDL933 genes
and S. enterica subsp. enterica serovar Typhimurium str. LT2 genes that are orthologs
between the two organisms.  We refer to these as the shared genes.  To define sets of
genes that are most likely to have been very recently transferred to a genome, and hence
minimally subjected to amelioration, for each E. coli and S. enterica genome, we
determined the unique genes—defined as those genes that only occur in one genome of a
given strain or serovar.
We computed the modes of the E. coli EDL933 and S. enterica LT2 shared gene
sets.  We combined all of the unique genes for S. enterica, and all of the unique genes for
E. coli, and generated modal codon usages for these pooled sets.  Then we computed the
distances between the modal codon usages of each set (Table 5.3).  The distance between
the modes of the unique (alien) genes (0.090) is 2.5 times smaller than the distance
between the modes of the shared (vertically inherited) genes (0.231).  Thus, we again see
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the pattern of horizontally acquired genes being more similar in codon usage than
vertically acquired genes.  In fact, rather than being diminished by the more direct
analysis, the signal is strengthened.  Although the distance between the modes of the
shared genes (0.231) is very similar to the difference in mode 1 values (0.221), the
distance between the modes of the unique genes (0.090) is substantially smaller than the
difference in mode 2 values (0.153).  In exploring several alternatives for selecting
horizontally transferred genes, we have found that the better our ability to restrict the
analysis to recently transferred genes, the clearer the result.  This occurs because the
mode of the unique genes is very distant from the mode of the shared genes, and even a
small amount of amelioration will substantially change the codon usage, obscuring the
original (alien) usage.  Similar results are observed when other strains/serovars are used
to represent the codon usages of shared (vertically inherited) genes.
To portray the similarity between sets of unique genes, we used a neighbor-joining
tree to compare the modal codon usages of the unique genes of each strain/serovar
(Figure 5.1).  The tree forms two main clusters—unique genes and shared genes.  In the
tree, the modes of the unique genes of Salmonella and Escherichia are intermixed,
indicating that their strain/serovar-specific genes are indistinguishable by codon usage.
Although there appear to be substantial distances between some pairs of unique gene sets,
this is in part due to small sample sizes.
Are similar properties of foreign genes seen in other organisms?
To see if this phenomenon is limited to the Enterobacteriaceae, we searched for
similarities between recently acquired foreign genes in other bacteria.  We chose to study
the three sequenced Agrobacterium biovars: A. tumefaciens C58, A. radiobacter K84 and
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A. vitis S4.  C58 contains two chromosomes and two plasmids (Goodner et al. 2001;
Wood et al. 2001); K84 contains one chromosome, a 2.65-Mbp replicon (which could be
either a chromosome or a plasmid), and 3 plasmids; and S4 contains two chromosomes
and 5 plasmids (Slater et al. 2009).  Most of the plasmids are large, and they are the key
to the etiology of the plant pathogenic biovars C58 and S4 (K84 is avirulent),
determining their host organisms and pathology.  The plasmids found within these strains
are transmissible, and many are self-conjugal (e.g., Kerr et al. 1977; Genetello 1977;
Gérard et al. 1992; Szegedi et al. 1992; Chen et al. 2002; Oger and Farrand 2002), so they
provide an excellent example of potentially recent, transient, horizontal exchange.  For
each organism, we combined the chromosomal genes and the plasmid genes and found
the mode of each group.  For this analysis, we treat the 2.65-Mbp replicon of K84 as a
chromosome because its modal codon usage is more similar to the primary chromosome
of K84 (distance of 0.161), than it is to any K84 plasmid (distances range from
0.324–0.952).  We then measured the distances (as above) between the combined
chromosome and plasmid modes of each organism.  In all comparisons, the modal codon
usages of the plasmids are more similar (0.061–0.139) than the modal codon usages of
the chromosomes (0.209–0.392) (Table 5.4).  Relative to the comparison between E. coli
and S. enterica, these genomes are as or more diverged, yet we still see evidence for a
common codon usage among their plasmids.
Preliminary evidence suggests that this phenomenon may be widespread.  For
instance, when shared and unique genes are compared between Methanosarcina
acetivorans and Methanosarcina mazei, the modes of the unique genes are more similar
(distance of 0.149), than the modes of the shared genes (distance of 0.195).  We have
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searched for this pattern in other genomes (e.g., Bacillus and Sulfolobus) and have not
detected this pattern of recently acquired foreign genes matching more closely than
shared genes.  However, there are relatively few bacterial and archaeal groups where
sufficient numbers of genomes at appropriate divergences have been sequenced.  As
more related genomes are sequenced, the extent of this phenomenon will become more
apparent.
Discussion
We have shown that in the genomes of E. coli and S. enterica, the modal codon
usages of the horizontally acquired (unique genes) are more similar than the modal codon
usages of the vertically inherited (shared genes).  Our results with the Agrobacterium spp.
show a similar trend with the modes of the plasmids being more similar than the modes
of the chromosomes. We have also observed a close similarity in the foreign genes of the
archaeal Methanosarcina species.  However, as mentioned above, this trend may not be
universal.  The data presented in this chapter suggest a reevaluation of some commonly
held ideas regarding horizontal gene transfer and speciation.
The major result of this chapter—that the unique, horizontally acquired, genes of
the Escherichia and Salmonella strains/serovars match in codon usage—has no precedent
in the literature.  The possible explanations for this observation fall broadly into three
major categories.  The first is the possibility that there is a major undiscovered
mechanism of codon usage selection within these genomes.  Our results could be
interpreted to suggest that unique genes—which likely entered these genomes at different
times—have acquired mutations that have caused them to match each other, rather than
the typical genes of their recipient genome.  This possibility would contradict the
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commonly held idea that horizontally transferred genes “ameliorate” (acquire mutations
over time) to eventually match the codon usages of their recipient genomes (Lawrence
and Ochman 1997).
A second possibility is that only genes of a given codon usage profile can be
accepted into a Salmonella or Escherichia genome.  However, this seems unlikely
because we also observed many genes that have disparate codon usages in the K-12 and
LT2 genomes (Table 5.1).  In addition, this is not a selection to look like a host gene, and
it is not just a selection on similar base composition, it reflects codon usage per se.  How
such a selection could be more conserved than the host codon usage is baffling.
The third possibility is that these unique genes are representative of a large,
relatively homogeneous pool of genes within the environment.  Given the cases in which
there is an identified biological function it appears that these genes have been utilized by
these members of Enterobacteriaceae in order to exploit their given niches, and they are
both plasmid and phage associated.  Within this possibility, we do not know the
mechanism of gene “homogenization” that has resulted in this large pool of genes with
similar codon usage.  Typically, slow change in genes is associated with either purifying
selection, or large effective population size.  Our observation of similar genes in distinct
species is certainly consistent with transfer among a large population, but does not tell us
why these genes differ from the typical codon usages of E. coli and S. enterica.
Likewise, we can offer no explanation for why the genes of so many transmissible
Agrobacterium plasmids should have similar codon usages.  Before our studies we
thought that plasmids would be mosaics of different genes representing different transfer
events and sources of origin; these results suggest the opposite.  It is also unclear whether
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the same factors governing the “homogenization” of the unique genes of Escherichia and
Salmonella are involved in the “homogenization” of the Agrobacterium plasmids or the
foreign genes of the Methanosarcina species.
In an attempt to reevaluate the traditional definition of species, Tettelin and
colleagues (2005) sequenced six strains of Streptococcus agalactiae.  By comparing the
gene contents between strains, they proposed a model that suggested that as each new S.
agalactiae genome is sequenced, approximately 33 new strain specific genes will be
found.  This gave rise to a current understanding of a species as one that can be defined
by its “pan-genome”—all of the core genes that are found within every strain of the
species, plus all of the dispensable genes that exist in one (or some) of the strains.  Rasko
and colleagues (2009) conducted an analogous study of 17 E. coli genomes and predicted
that the pan-genome of E. coli contains over 13,000 genes, with approximately 300 novel
genes being sequenced per genome.  In this chapter, we found that the unique genes of 10
E. coli and S. enterica strains are indistinguishable in codon usage. This suggests that the
unique genes of a “pan genome” are not species-specific, but instead can be drawn from a
pool that could be genus or family-specific—a novel observation.
Concluding Observations
Although more work is necessary to begin to have an understanding of the
observations made within this chapter, it is clear that the tools presented within this
dissertation provide more detailed level of resolution for comparative genomic studies
than has been observed previously.
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Tables
Table 5.1.  The number of genes matched by each sequential mode in E. coli K-12 and S.
enterica subsp. enterica serovar Typhimurium LT2 and the characteristics of each gene
group.
gene set
protein
encoding
genes
%G+C a
average protein
length b
ribosomal
protein
genes
%BDBH c
K-12
mode 1 2692 51.9 ± 3.5 335.7 ± 223.7 8 69.1
mode 2 366 44.5 ± 5.2 220.2 ± 143.6 0 17.8
mode 3 352 53.0 ± 2.6 382.4 ± 211.8 24 95.2
mode 4 62 54.3 ± 3.2 281.0 ± 222.3 0 43.5
mode 5 12 51.6 ± 2.3 231.5 ±   98.3 0 50.0
remainder 665 50.2 ± 6.7 262.2 ± 134.1 23 51.0
genome 4149 51.1 ± 4.8 316.6 ± 208.9 55 63.4
LT2
mode 1 2974 53.8 ± 3.6 337.1 ± 243.7 4 66.8
mode 2 468 45.2 ± 5.0 216.0 ± 143.8 0 14.5
mode 3 258 54.4 ± 2.8 379.1 ± 199.2 17 92.2
mode 4 78 54.7 ± 3.4 233.3 ± 119.7 0 29.5
mode 5 1 56.7 ± 0.0 234.0 ±     0.0 0 100.0
remainder 746 50.7 ± 7.8 267.6 ± 157.0 36 42.4
genome 4525 52.5 ± 5.4 313.7 ± 223.1 57 58.2
a for protein encoding genes.
b measured in amino acids.
c percentage of bidirectional best hit genes between K-12 and LT2  (Materials and
Methods).
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Table 5.2.  The percentage of genes in each codon usage set matching the corresponding
modal codon usage in the opposite organism, and the distance between corresponding
modes.
K-12 genes LT2 genes
gene set
number
in set
% matching
LT2 mode
number
in set
% matching
K-12 mode
distance between K12
and LT2 modes
mode 1 2692 54.9 2974 83.4 0.221
mode 2 366 70.8 468 88.0 0.153
mode 3 352 38.9 258 74.4 0.247
mode 4 62 43.5 78 37.2 0.171
mode 5 12 8.3 1 0.0 0.214
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Table 5.3.  Distances between the combined shared and combined unique genes for 5 E.
coli and 5 S. enterica genomes. a
E. coli
shared b
S. enterica
shared b
E. coli
unique c
S. enterica shared b 0.231
E. coli unique b 0.550 0.660
S. enterica unique c 0.525 0.611 0.090
a Only the lower-left triangle of the symmetrical matrix is shown.
b E. coli O157:H7 str. EDL933 or S. enterica subsp. enterica serovar Typhimurium str.
LT2 genes with orthologous in the opposite organism.
c All of the unique genes of the five E. coli or S. enterica genomes (Materials and
Methods).
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Table 5.4.  Distances between the modal codon usages of combined chromosomal and
combined plasmid gene sets for 3 Agrobacterium genomes. a
gene set 2
gene set 1
C58
chromosomes
S4
chromosomes
K84
chromosomes
C58
plasmids
S4
plasmids
S4 chromosomes 0.307
K84 chromosomes 0.209 0.392
C58 plasmids 0.414 0.413 0.461
S4 plasmids 0.407 0.326 0.461 0.123
K84 plasmids 0.397 0.411 0.424 0.061 0.139
a Only the lower-left triangle of the symmetrical matrix is shown.
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Appendix A:  Software used in this dissertation
All of the software that is necessary to repeat the analyses in this dissertation is
provided electronically.  The file "Davis_Appendix_A.tgz" contains a directory that
includes all of the software files and the readme files explaining the utilization of the
software.
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Appendix B:  A gene-by-gene characterization of the
Agrobacterium tumefaciens codon usage
This appendix is an electronic file, "Davis_Appendix_B.html".  It is a table that
depicts a comparison of each gene in the A. tumefaciens genome to the modal codon
usage of the combined chromosomes, and the modal codon usage of the combined
plasmids.
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Appendix C:  The most homogeneous and
heterogeneous genomes
This appendix is an electronic file, " Davis_Appendix_C.xls". It is a table that
depicts 674 bacterial and archaeal genomes and the percentage of the genes in each
genome matching the modal codon usage (our measure of homogeneity or heterogeneity).
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